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Abstract

Personalizing Large Language Models (LLMs)
has become a critical step in facilitating their
widespread application to enhance individual
life experiences. In pursuit of personalization,
distilling key preference information from an
individual’s historical data as instructional pref-
erence context to customize LLM generation
has emerged as a promising direction. However,
these methods face a fundamental limitation by
overlooking the inter-user comparative analysis,
which is essential for identifying the inter-user
differences that truly shape preferences. To
address this limitation, we propose Difference-
aware Personalization Learning (DPL), a novel
approach that emphasizes extracting inter-user
differences to enhance LLM personalization.
DPL strategically selects representative users
for comparison and establishes a structured
standard to extract meaningful, task-relevant
differences for customizing LLM generation.
Extensive experiments on real-world datasets
demonstrate that DPL significantly enhances
LLM personalization. We release our code at
https://github.com/SnowCharmQ/DPL.

1 Introduction

With continuous efforts, Large Language Models
(LLMs) (Achiam et al., 2023; Yang et al., 2024;
Dubey et al., 2024; Guo et al., 2025) have demon-
strated increasingly higher levels of intelligence,
sparking an unprecedented enthusiasm for apply-
ing them to individuals’ daily lives to enhance per-
sonal thinking, planning, and overall life experi-
ences (Bao et al., 2023; Li et al., 2024a; Deng et al.,
2024; Zhang et al., 2025b). However, the “one-
size-fits-all” paradigm of general LLMs becomes
ineffective when serving individual users, as users
have distinct preferences and would expect per-
sonalized generation from LLMs (Christakopoulou
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et al., 2023). This motivates an exciting new direc-
tion: LLM personalization (Zhang et al., 2024d; Xu
et al., 2025b; Liu et al., 2025a; Chen et al., 2024a)
— adapting LLMs to generate text responses that
align with each individual’s unique preferences.

LLM personalization fundamentally relies on in-
corporating user-specific information into LLMs
to tailor their generation (Chen et al., 2025; Zhao
et al., 2025d). The “memorize-then-inject" frame-
work offers a promising and economical solution
— storing users’ historical data and then extract-
ing key information to serve as instructional con-
texts for customizing LLM responses (Salemi et al.,
2024b; Wang et al., 2024; Wu et al., 2025). De-
pending on the extraction method employed, ex-
isting approaches can generally be categorized
into: 1) Retrieval-based methods (Li et al., 2023a;
Mysore et al., 2024), which just retrieve the parts
of the user’s history relevant to the current request
for LLM use, and 2) Summarization-based meth-
ods (Richardson et al., 2023; Zheng et al., 2024),
which further condense the user history to distill
preferences for LLM use.

While these methods (Mysore et al., 2024;
Zheng et al., 2024) have made notable progress, we
contend that they share a common limitation: they
overlook the inter-user comparative analysis, which
is essential for identifying the differences that truly
shape preferences. As acknowledged in psychol-
ogy and behavioral science (Snyder and Fromkin,
1977, 2012; Irmak et al., 2010), it is the differences
among individuals that make them unique, while
their uniqueness shapes their preferences. This
underscores that effective personalization hinges
on identifying and understanding these differences.
As a result, without considering inter-user compar-
isons to extract differences, current methods would
be suboptimal for personalization.

In this work, we propose difference-aware user
modeling — extracting the differences among users
as key preference information — to enhance LLM
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personalization. To achieve this, distinguishing
each user from others and then summarizing the
differences (using an LLM) to serve as the instruc-
tional contexts for personalization provides an in-
tuitive solution. However, it faces two challenges:
1) comparing to all users may be impractical due
to the high cost and complexity of extracting differ-
ences across all others; and 2) without proper guid-
ance, the differences extracted by the LLM may be
irrelevant or meaningless for the task. Therefore,
we must address: 1) how to select appropriate users
for comparison, and 2) how to extract task-relevant
differences during comparison effectively.

To address these challenges, we introduce a
novel Difference-aware Personalization Learning
(DPL) method. DPL selectively chooses representa-
tive users for comparison and establishes an extrac-
tion standard to effectively capture task-relevant
differences, using the extracted differences as the
LLM’s instructional contexts for personalization.
Specifically, we cluster users based on data similar-
ity and select only cluster-center users for compari-
son, ensuring efficiency while maintaining a global
perspective. To extract task-relevant differences,
we structure the difference extraction model (an
LLM) to focus on key predefined dimensions for
capturing differences, rather than operating freely.
Three key preference dimensions are distilled from
existing literature as examples: writing style, emo-
tional tone, and semantic content.

We validate our DPL method on a representative
personalized text generation task, namely, review
generation (Ni et al., 2019; Peng et al., 2024; Au
et al., 2025). Extensive results demonstrate that
DPL effectively enhances LLM personalization.

The main contributions of this work are summa-
rized as follows:

* We emphasize the philosophy that “differences
make us unique” as the key to personalization and
propose using difference-aware user modeling to
enhance LLM personalization.

* We propose a novel Difference-aware Personal-
ization Learning method for LLM, incorporating
a selective comparison mechanism and structured
difference extraction mechanism to achieve ef-
fective difference extraction.

» Extensive experiments on real-world datasets
demonstrate that DPL achieves state-of-the-art
performance, highlighting its effectiveness in per-
sonalized text generation.

2 Preliminary

Problem Formulation. This work focuses on per-
sonalizing LLMs to generate text outputs that align
with user preferences, i.e., achieving personalized
text generation. We assume that users have a set of
historical texts, either written or preferred by them,
reflecting the users’ preferences. We could leverage
this data to customize LLM’s generation to meet
user needs. Formally, let D denote the historical
data for all users. Each sample in D is represented
as (u,1,y) € D, where u represents the user, ¢ de-
notes the item (or object) the user is focused on,
and y indicates the text written or preferred by u
for item 7. When a target user v/ submits a new
request for text generation on a target item 7', the
LLM needs to generate text that satisfies the user’s
preferences based on D.

Notably, without loss of generality, this paper
primarily focuses on review generation, a repre-
sentative personalized text generation task. In this
context, the goal is to enable LLMs to generate per-
sonalized reviews for items such as movies or prod-
ucts, ensuring alignment with true user reviews.

Memorize-then-Inject Solution. A typical ap-
proach in existing works for customizing LLM
generation is to store the user’s historical data and
then extract key information from the data to distill
preference information through retrieval or summa-
rization when needed. This extracted information
serves as a preference context in the instruction to
guide the model’s generation. Formally, to gen-
erate personalized text for the focused user u’ on
the target item 7', the method can be represented as
follows:

g = LLM(Ulai/a¢key(Du’))) (D

where g denotes the generated result, D,/ denotes
the historical data for «', and ¢pey(D,/) repre-
sents the key information extraction process from
D.». Notably, the extraction process usually also
involves the utilization of an LLM. This method
does not require LLM retraining and can potentially
manage lifelong historical data in a memory man-
ner (Zhang et al., 2024c), making it a promising
and cost-effective solution.

3 Methodology

In this section, we introduce the proposed
Difference-Aware Personalization Learning (DPL)
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Figure 1: Overview of the proposed DPL method, which enables difference-aware preference extraction for LLM
personalization. It extracts differences through selective user comparison via clustering and structured difference
extraction along fixed dimensions (writing style, emotional style, and semantic style).

method, beginning with its motivation and the over-
all framework, followed by a detailed explanation
of each component.

3.1 Overview

Given that the differences define individual unique-
ness, we argue that inter-user differences play a
crucial role in preference learning for LLM person-
alization. However, existing approaches overlook
the inter-user comparisons for preference model-
ing, limiting the ability to extract meaningful dif-
ferences for personalization. To address this limi-
tation, we propose the DPL method. As shown in
Figure 1, DPL introduces an inter-user comparison
mechanism to identify differences between users,
which are then combined with the user’s own key
history to form the preference context in instruc-
tions, guiding LLM generation. This process can
be formulated as:

§ =LLM(u',7', $(Dy; D)), 2

where ¢(D,; D) represents the difference-aware
preference extracted by comparing a user’s histori-
cal data D, with other users’ data in D.

Difference-Aware Preference Extraction Pro-
cess. As illustrated in the bottom part of Figure 1,
for user u/, we assume that D, contains N key el-
ements, denoted as D, which can be obtained via
retrieval (Robertson and Zaragoza, 2009). Then we
would compare each element with those of some
other users to extract differences and then summa-

rize these differences across all samples and the
key historical data to obtain the final preference.
Specifically, for each element (v, 7, y) € D}/, we
compare it with the texts of other users on the same
item ¢, represented by D;, using a selective user
comparison and structured difference extrac-
tion process. This process consists of two key
steps, as shown in the upper part of the figure:

* Selective user comparison: Instead of compar-
ing with all users in D;, we selectively compare
with a subset of representative users to reduce
complexity and improve efficiency.

* Structured difference extraction: Differences
are extracted according to predefined standards
to ensure task relevance and meaningfulness.

The details of these steps will be elaborated later.
After extracting differences for all N elements, we
summarize them as well as the key history D,
with an LLM to obtain the final difference-aware
representation for personalization. Formally,

¢(Dy; D) = LLMsum (D [d1, - - - ydiy - - -, dN]),  (B)

where LLM,, denotes the summarizer, and d,
represents the extracted difference for the n-th ele-
ment in D};,. Notably, we also take into account the
user’s own data to retain preference information
that cannot be captured by the differences, i.e., us-
ing the key history D, as additional inputs. Next,
we elaborate on the selective user comparison and
structured difference extraction methods to explain
how each d,, is obtained.
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3.2 Selective User Comparison and
Structured Difference Extraction

When dealing with each important historical data
sample (v, i,y) € D}/, astraightforward approach
for difference extraction is to have the LLM com-
pare all users and summarize the differences. How-
ever, comparing all users is complex and inefficient.
To address this, we selectively compare only rep-
resentative users. Additionally, since differences
can span multiple dimensions, allowing LLMs to
extract them freely may introduce task-irrelevant
information. To mitigate this, we introduce a struc-
tured difference extraction approach with a prede-
fined standard to guide the extraction of meaningful
and task-relevant differences.

3.2.1 Selective User Comparison

To select representative users for comparison, the
core consideration is that they could represent the
total population, making the comparison still pro-
vide a global view. To achieve this, we consider
clustering the users based on their text and then se-
lecting the user in the cluster center for comparison.
Specifically, when dealing with each key element
in history (u',4,y) € D}, for the target v/, we just
consider the users having texts on ¢, and then clus-
ter these users into i +1 groups using the K-means
algorithm (MacQueen, 1967) according to the texts
corresponding to them, obtaining the most central
users for each group. We then select the K central
users that do not belong to groups of the target user
as the users for comparison. Formally,

uq,...,ux = cluster_center(D;), ()

where uy, ..., ux denotes the selected representa-
tive users, and D; denotes all the historical data
that the users have texts on item 7. We represent the
data samples regarding the selected users on item ¢

as: (u1,4,91),. .., (UK, i, YK)-

3.2.2 Structured Difference Extraction

After obtaining the representative users, we com-
pare their texts with the target user’s texts, i.e., com-
paring {(u1,%,91),- - ., (uk,i,yr)} with (v/,4,y)
to obtain the difference d,, via an LLM. Instead
of allowing LLMs to freely summarize the differ-
ence, we would define a standard to structure the
LLM difference summarization. The process can
be formulated as:

dn = LLMdlf({(ul7 7:7 yl)’ MR | (uK7 7;7 yK)}; (ul7 i? y); S)?
(&)

where LLMy;s denotes the LLM to extract differ-
ences. Here, S represents the standard that the
LLMs follow to generate the difference. Specifi-
cally, we distill three key dimensions from existing
literature (as examples): writing style, emotional
style, and semantic style, and then structure the
LLM to extract differences from these dimensions.
The three dimensions are detailed below:

Writing style. This dimension captures the lexi-
cal choices, syntactic structures, and linguistic pat-
terns unique to each user. By analyzing vocabulary
richness, sentence complexity, and grammatical
preferences, we can identify how a user’s writing
diverges from others (Verma and Srinivasan, 2019).

Emotional style. This feature reflects the sentiment
and affective tone embedded in user’s text. By as-
sessing the polarity (positive, negative, neutral), we
can highlight differences in how users convey their
attitudes and feelings (Kheiri and Karimi, 2023).

Semantic style. This aspect focuses on the depth,
clarity, and coherence of meaning in user’s text.
By evaluating information density, logical flow,
and contextual relevance, we can differentiate how
users structure and convey their ideas (Sahu and
Majumdar, 2017).

Extracting differences along these dimensions
ensures meaningful and well-structured results for
distinguishing task-relevant content. We guide the
LLM to adhere to these dimensions for difference
extraction using prompts. All prompts used in DPL
are provided in Appendix G.

4 Experiments

In this section, we conduct experiments to answer
the following research questions:

RQ1: How does DPL perform on the personalized
text generation task with real-world datasets, in
comparison to other baseline methods?

RQ2: What is the impact of the individual compo-
nents of DPL on its effectiveness?

RQ3: How do the specific hyper-parameters of
DPL influence its performance?

RQ4: How does DPL perform across different
levels of user uniqueness?

RQS5: How does DPL qualitatively demonstrate its
personalized generation capabilities through con-
crete case analysis?
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4.1 Experimental Setup

Datasets. We focus on review generation, a repre-
sentative personalized text generation task. So we
conduct experiments on the Amazon Reviews 2023
dataset (Hou et al., 2024)', focusing on the cate-
gories of Movies & TV, CDs & Vinyl, and Books.
This dataset aggregates user-item interactions from
Amazon, encompassing user reviews (ratings, texts,
etc.) and item metadata (titles, descriptions, etc.).
We preprocess the data into a format suitable for
personalized review generation tasks, with details
provided in Appendix A. Our processed datasets
are publicly available on Huggingface?.

Baselines. We compare DPL with the follow-
ing methods, with more details provided in Ap-
pendix B. Note that all methods are implemented
using the same template and input format, as out-
lined in Appendix G, to ensure fair comparisons.

* Non-Perso. This refers to the non-personalized
approach, which completely excludes any user-
specific information from the model input.

¢ RAG (Kumar et al., 2024). This is a method
that employs a retrieval approach to extract key
user-specific information, which is then used as
instructional context for personalization.

¢ IntSum (Richardson et al., 2023). This method
condenses the user’s retrieved history through
summarization and incorporates it into the
prompt. We achieve this by employing an LLM
to generate a summary of the retrieved history.

* LLM-TRSR (Zheng et al., 2024). This method
improves the IntSum method by segmenting the
user’s history into blocks and employing a recur-
rent summarization paradigm to iteratively refine
the summary within each new block.

¢ CICL (Gao and Das, 2024). This Contrastive
In-Context Learning method is not originally de-
signed for LLM personalization. We adapt it to
our experimental scenario by applying it to in-
corporate the review from another user into the
prompt to an LLM summarizer, thereby improv-
ing the quality of summary generation.

* Persona-DB (Sun et al., 2025). This method in-
troduces a collaborative refinement approach that
allows a user to retrieve and integrate information

"https://amazon-reviews-2023.github.io/
2https://huggingface.co/datasets/SnowCharmQ/
DPL-main & https://huggingface.co/datasets/

SnowCharmQ/DPL-meta

from relevant peers. We apply it by incorporating
the review of a relevant user into the prompt for
the LLM generator.

Evaluation Metrics. We evaluate the experimental
results using two complementary approaches, with
additional details provided in Appendix C.

* Conventional Evaluation. Following previ-
ous work on personalized text generation (Ku-
mar et al., 2024), we employ widely-adopted
ROUGE-1 (Lin, 2004), ROUGE-L, METEOR
(Banerjee and Lavie, 2005), and BLEU (Papineni
et al., 2002) to measure lexical overlap between
the generated reviews and ground-truth reviews,
offering surface-level comparisons through n-
gram matching and semantic alignment mech-
anisms (Wang et al., 2023).

* LLM-based Evaluation. Following the previ-
ous evaluation framework (Salemi et al., 2025),
we employ LLMs to assess the nuanced aspects
of personalization, going beyond simple lexical
matching. Specifically, the LLM evaluators pro-
cess four key components — the generated review,
the ground-truth review, review metadata, and
item attributes — and produce raw scores rang-
ing from O to 10. These scores are then normal-
ized through min-max scaling to the [0, 1] range,
with the evaluation metrics denoted as S-72B
and S-GPT, corresponding to the use of Qwen-
2.5-72B-Instruct-AWQ (Yang et al., 2024) and
GPT-40-mini (Achiam et al., 2023), respectively.

Implementation Details. For our DPL, we use the
QOwen2.5-14B-Instruct (Yang et al., 2024) model as
the LLLM backbone, which functions as the differ-
ence extractor, summarizer, and review generator.
Following the setting of LonglL.aMP (Kumar et al.,
2024), we retrieve user reviews as auxiliary signals
using BM25, where the retrieval query is formed by
concatenating a short review title with the item’s de-
scription. For selective user comparison and struc-
tured difference extraction, we set the number of
retrieved reviews, i.e., N in Equation (3), to 8. Ad-
ditionally, we utilize gte-Qwen2-1.5B-Instruct (Li
et al., 2023b) to map user reviews into embeddings,
which are subsequently clustered into 5 groups by
default, equivalent to setting the number of selected
representative users K in Equation (4) to 4. To as-
sess the reliability of our generated results, we con-
duct inference using different temperature values
(0.2, 0.4, 0.6, 0.8, and 1.0) for each method, and
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Table 1: Performance comparison between the baselines and our DPL on the three datasets, where the best results
are highlighted in bold and sub-optimal results are underlined. Higher values indicate better results for all metrics.

The symbol * indicates p-value < 0.05 in t-tests.

Datasets (—) Movies & TV CDs & Vinyl Books
Methods () ROUGE-1 METEOR S-72B ROUGE-1 METEOR S-72B ROUGE-1 METEOR S-72B
Non-Perso 022794000 0.130140000s  0.5372400015 02396400000 01327400007 053510004 0271100055 0.1511 40003 0.5497 00050
RAG 02844400017 0.18704000s0  0.585240002 02914400014  0.1857400076  0.5804400057  0.3238490031  0.21714000a1  0.6158400043
IntSum 0284340007 019494 000 0.605440000 02958400015 019564 (00 0.5986400032 03183400053 0.228040005  0.6284400040
LLM-TRSR 02826400021 0194340006 060974005 0293740003 0.1952400020 0600300, 0314040003 02250400034  0.6292.4 00
CICL 028744000 01946400057 0.6048400039 029864 0000  0.19464000ss 0596740002 032620001 02339400053 0.6250-£000s0
Persona-DB 0283340005 01930400044 0.60684000 0293540003 0191240005 0597440002 032714 1000 023684000 0.62924 0 00
DPL (ours)  0.2940% £ 0.1990% 400053 0.6125% 4 g0ms  0.3072% L0004 0.2036% 100035 0.6098%4000es  0.3318% 4007 02411400004 0.6300-1 0053
Datasets (—) Movies & TV CDs & Vinyl Books
Methods () ROUGE-L BLEU S-GPT ROUGE-L BLEU S-GPT ROUGE-L BLEU S-GPT
Non-Perso 0126940000 03463400008 04132400046 01273400027 04783400170 0421540001 0.1457 400038 1.261640030 04642400033
RAG 0.1431 400043 L7188 400758 043364001357 0.14184-00032 1.9271 40,1491 04456400070  0.16364-00034 41082401215 0.5077 40,0066
IntSum 0.14244- 0036 2.0619 40,0355 0.4345 40,0093 0.1422 4 0031 2.3621 40,0775 0.4482 4 1034 0.1614+0.0030 4.6256 40,2021 0.51024,0044
LLM-TRSR 01439 .0 20834400 04350400077 014174000 236284 s 04472400034 01603400038 46268402724 0.501940,0056
CICL 0.14394 000  2.0576400705 0435340000 014334 00y 22978401000 0445440000 0166440000 5155540075 0.5090-0 004
Persona-DB  0.1425 10037 19898400777 043694 005, 01421400033  2.16164-01455 0446740000 016724036 518624 50, 051234 065
DPL 0.1466% L0005 2.2981% b6 0.4437% Loo0s7  0.1463% 10057 2.6803% Loosso  0.4556% b2 0.1720% L0045 5.9379% 4308 0.5224% £ 0001

report the mean and standard deviation of the eval-
uation metrics. We also perform t-tests to assess
statistical significance. More details are provided
in Appendix D.

4.2 Main Results (RQ1)

We begin by evaluating the overall performance of
the compared methods. The summarized results
are presented in Table 1, from which the following
observations can be drawn:

* DPL demonstrates consistently superior person-
alization performance across all three datasets
and all evaluation metrics. For instance, on the
CDs & Vinyl category, DPL achieves the highest
scores on all metrics, with an average relative
improvement of 4.29% over the best baselines
and six metrics showing statistically significant
gains. Similar trends are observed on Movies &
TV and Books, where DPL also ranks first across
all metrics, with 6 and 4 metrics achieving sig-
nificance, respectively. This result underscores
its enhanced personalized text generation capa-
bilities, which can be attributed to its focus on
extracting inter-user differences to improve LLM
personalization through the selective comparison

mechanism and difference extraction standard.

* Non-Perso exhibits the weakest personalization
performance across all experimental settings,
which can be attributed to its fundamental limita-
tion in incorporating user-specific contextual sig-
nals. In comparison, RAG demonstrates substan-
tial performance gains by leveraging a retrieval
approach to integrate user-specific information,
thereby enabling more tailored outputs.

* IntSum and LLM-TRSR demonstrate consistent
superiority over RAG across all datasets, pri-
marily due to their integration of summariza-
tion mechanisms. This is because summarization
mechanisms distill the retrieved user history into
more concise representations, thereby enhancing
the utilization of contextual information.

* Although CICL and Persona-DB demonstrate
some performance improvements by utilizing the
historical reviews of other relevant users, they
still lag behind our DPL. This discrepancy arises
because they fail to incorporate inter-user com-
parative analysis, which is essential for identify-
ing the nuanced differences that genuinely influ-
ence user preferences.
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Table 2: Results of the ablation study for DPL on Books.

Methods R-1 MET. S-72B
DPL 0.3318.+0.0047 02411140024  0.6300-0.0083
Random 0.32994+0.0034  0.237940.0049  0.6269_ ¢ 0063
SimRank 0.32994.0.0037 0.24004-0.0059 0.62354-0.0031
None 0.32354-0.0034 0.23354-0.0056 0.61494.0.0028
WriOnly 0.3303 90043 02427100048  0.6188+0.0028
EmoOnly 0.32384-0.0045 0.23344.0.0028 0.626240.0034
SemOnly 032464100040 02387400052  0.626040.0035

4.3 Ablation Studies (RQ2)

To substantiate the rationale behind the various de-
sign decisions of DPL, we conduct an exhaustive
evaluation using the Books dataset by systemati-
cally disabling one critical design element to obtain
various variants. For the selective user compar-
ison in Section 3.2.1, we replace the clustering-
based selection method and introduce the following
two variants for comparison:

* Random. This variant randomly selects users
who have reviews on the same retrieved historical
item without considering any specific criteria.

* SimRank. This variant selects users based on
the similarity of historical reviews between the
current user and potential candidates. Specifi-
cally, the users with the top-K lowest similarity
are chosen in order to maximize differentiation.

For the structured difference extraction in Sec-
tion 3.2.2, we modify the original extraction stan-
dard, whose dimensions include writing style, emo-
tional style, and semantic style, and introduce the
following four variants for comparison:

¢ None. This variant excludes all the dimensions.

* WriOnly, EmoOnly, SemOnly. These three
variants each incorporate one of the three style
dimensions, respectively.

Table 2 illustrates the comparison results on
ROUGE-1, METEOR, and S-72B, from which we
draw the following observations:

* For the selective user comparison, replacing the
clustering-based selection method results in a per-
formance decline. This can be attributed to the
fact that random user selection does not rely on
any criteria, resulting in insufficient comparative
information. Additionally, although SimRank in-
troduces pairwise similarity for enhanced user
selection, it fails to capture the global context
offered by clustering, leading to a lack of repre-
sentativeness in the selected users.

R-1 METEOR
0347 025

K=1 K=2 K=3 K=4 K=1 K=2 K=3 K=4

S-72B S-GPT

1
K=1 K=2 K=3 K=4

K=1 K=2 K=3 K=4

Figure 2: Results of the performance of DPL across
different values of K, where K denotes the number of
selected representative users. The dashed line represents
the corresponding best baseline metric.

ROUGE-1 Improvement

N Non-Unique
0.1001 g Unique

S-72B Improvement

Books CDs & Vinyl Movies & TV

Books CDs & Vinyl Movies & TV

Figure 3: Results of the performance of DPL across dif-
ferent levels of uniqueness. We report the absolute im-
provement compared to the non-personalization method.

* For the structured difference extraction, remov-
ing parts of the extracted dimensions leads to a
general performance drop. This finding suggests
that each dimension plays a crucial role in cap-
turing different facets of the differences, thereby
supporting meaningful and well-structured ex-
traction for distinguishing task-relevant content.

4.4 In-depth Analyses (RQ3 & RQ4)

We next evaluate the performance of DPL across
different values of hyperparameters and different
levels of user uniqueness.

4.4.1 Hyper-parameter Analysis

In our investigation, the hyperparameter K, which
denotes the number of selected representative users
for comparison, plays a pivotal role in determin-
ing the effectiveness of DPL. We vary K within
the set {1, 2, 3,4} to assess the impact of varying
these parameters on performance. Additionally,
we present the best baseline metrics for compara-
tive analysis, with the results shown in Figure 2,
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using a fixed temperature of 0.8. Our findings in-
dicate that, generally, increasing the number of
representative users leads to slight to moderate im-
provements in performance, with the best results
occurring at K = 4. This underscores that effec-
tive difference extraction depends on selecting an
appropriate number of comparative representatives.

4.4.2 Impact of User Uniqueness

We initially generate the uniqueness label based
on users’ historical review data, as it does not in-
herently exist. Specifically, we map each user’s
historical reviews to embeddings using LLMs and
compute the average embedding of all users to es-
tablish a center. The Euclidean distance between
each user’s embedding and this center is then cal-
culated. Users with distances in the bottom 50%
are classified as non-unique, while those in the top
50% are classified as unique.

Following this classification, we compare the
performance of DPL with the non-personalization
method across the two groups. For simplicity, we
report the absolute improvement of ROUGE-1 and
S-72B, as the trends for other metrics are consistent.
As illustrated in Figure 3, the unique group shows
a significantly greater improvement than the non-
unique group. This suggests that the more unique
the user, the better we can capture insights into
their differences relative to others, aligning with
the philosophy that “differences make us unique”.

4.5 Case Study (RQ5)

Finally, we conduct a case study to gain a deeper
understanding of DPL’s capacity for personalized
review generation. Specifically, we select a rep-
resentative item from the Movies & TV dataset
and compare a single review generated by DPL
with that produced by the representative baseline
method, LLM-TRSR. The detailed reviews are pre-
sented in Figure 4, where we highlight consistent
sections between the generated reviews and the
user’s real review by distinct colors.

We observe that the review generated by DPL
exhibits more consistent sections. Furthermore, it
offers a more personalized perspective and concise
content, whereas the review generated by LLM-
TRSR adopts a more objective stance and contains
more tedious information. The alignment of DPL
with the user’s writing style and semantic prefer-
ences further supports its superiority. More case
studies are provided in Appendix H.

User's Real Review:

I thought I'd enjoy this movie a little more. These
DC movies will never be on the same level as the
Marvel movies but | have enjoyed a couple of them.
I think the story is a bit too epic. It seems to me
that the threat faced by mankind in this movie is
greater than the threat in the Justice League movie.
It would have been nice if that was toned down a
bit and he just had to deal with a villain or two to
go along with the origin story, instead of being
involved in a giant battle with seemingly millions of
participants. For the most part performances were
flat. | feel the movie was mostly carried by Jason
Momoa's charisma. It's nice when a movie has a
good villain but | think both of the main villains in | [Item Title]: Aquaman (Blu-ray)
this movie kinda sucked. | don't even know who the | [Review Rating]: 3.0

guy is that played Black Manta but he should stick [Review Title]: A little too epic
to the SyFy channel or other low-budget mediums.
If I had the chance to do it over

DPL Generated Review:

Aquaman is an action-packed flick with some pretty visuals, but | felt like it went a bit
too far into the realm of grandiose. The underwater world looks amazing, but | found
the story to be a bit too convoluted at times. Jason Momoa brings some personality
to the role, but the rest of the cast didn't really leave an impression on me. It's one of
those movies where you watch it and think, "That was okay, | guess,”

, but I'll be interested to
see if they can improve in the sequel.
[The sections highlighted in color d that the DPL-generated review
aligns well with the user’s real review, accurately reflecting user's writing style,
| style, and ic style.]

LLM-TRSR Generated Review:

Aquaman is an ambitious film with grand visuals and a scale befitting its underwater
kingdom, but it ultimately feels like it's trying too hard to be a blockbuster. Ryan
Reynolds' Deadpool might have introduced a new level of humor and irreverence to
superhero films, and while Aquaman tries to bring a similar charm to the table, it
often falls short. The story is engaging, setting Arthur Curry's path to becoming the
king of Atlantis, but it's crowded with numerous subplots and characters that could
have been trimmed down. The visuals of Atlantis are breathtaking, and the
underwater action sequences are a treat to watch, but the film's pacing is uneven,
and there are moments where it feels like the action is drowning in its own
grandiosity. Jason Momoa's portrayal of Aquaman is solid; he brings a certain
charisma to the role, and the chemistry between him and Amber Heard as Mera is
mostly enjoyable. However, the supporting cast doesn't always gel as well as it could,
and the villain, Ocean Master, lacks the depth and menace needed to carry the film.
While | enjoyed the spectacle and the nods to the comics, | couldn't help but feel that
the movie could have been tighter and more focused. It's a visually stunning film that
tries to pack in as much as possible, but at times it gets lost in its own ambition. If
you're a fan of superhero films with a touch of epic adventure, you'll likely still find it
enjoyable, but it's not without its flaws.

[As highlighted in color, the LLM-TRSR-generated review only partially matches
the user's real review, failing to reflect the user's writing style and semantic style.]

Figure 4: Comparison of item reviews generated by
DPL and the baseline method LLM-TRSR, along with
the user’s real review. The consistent sections between
the generated reviews and the user’s real review are
highlighted by specific colors.

5 Related Work

With the widespread use of LLMs (Zhang et al.,
2024b; Li et al., 2025; Zhao et al., 2025b; Liu et al.,
2025b; Du et al., 2025; Fang et al., 2025), there is a
growing need for personalized responses tailored to
individual users. LLM personalization has been ex-
plored across various domains, underscoring its im-
portance (Zhao et al., 2025c,a; Zhang et al., 2025a;
Cai et al., 2025). While existing works advance
personalization in different scenarios, such as rec-
ommendation (Chen et al., 2024b; Bao et al., 2024;
Zhang et al., 2024a) and image generation (Shen
et al., 2024; Xu et al., 2025a,c), personalized text
generation remains the foundation of LLM per-
sonalization (Zhang et al., 2024d). LaMP (Salemi
et al., 2024b) evaluates short-form personalized
text, later extended by LonglLaMP (Kumar et al.,
2024) to assess long-form text generation. Among
these, personalized item review writing stands out
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as a key task (Peng et al., 2024; Au et al., 2025)
since user reviews naturally reflect individual pref-
erences (Ni et al., 2019), serving as a critical sce-
nario to evaluate a model’s ability to generate per-
sonalized content.

Recent LLM-based methods enhance personal-
ization using user-specific content, which can be
categorized into: 1) retrieval-based methods, where
ROPG (Salemi et al., 2024a) introduces a retrieval
selection model to dynamically choose the best re-
triever and HYDRA (Zhuang et al., 2024) employs
a personalized reranker to prioritize useful informa-
tion; and 2) summarization-based methods, where
ONCE (Liu et al., 2024b) generates user profiles by
summarizing topics and regions of interest in their
browsing history and PPlug (Liu et al., 2024a) con-
verts user history into personalized embeddings.

Besides, a recent study Persona-DB (Sun et al.,
2025) uses data from other users to enhance per-
sonalized text generation. However, this method
mainly focuses on enriching relevant knowledge
rather than capturing each user’s uniqueness, key
to effective personalization. To leverage inter-user
data, contrastive learning (Gao and Das, 2024) of-
fers a promising way of using both positive and
negative examples to better describe intents. How-
ever, its performance relies on meaningful negative
examples, which are challenging to obtain in user-
centered LLM personalization. This reliance limits
the full leverage of inter-user information for LLM
personalization. To the best of our ability, our pro-
posed DPL addresses this limitation.

6 Conclusions

This study introduced DPL, a novel method that
enhances LLM personalization by identifying and
leveraging inter-user differences as key preference
information. We proposed a selective user com-
parison mechanism and a structured difference ex-
traction method to extract task-relevant meaningful
differences effectively. Experimental results on the
personalized review generation task show that DPL
significantly enhances LLM personalization. Cur-
rently, we only focus on review generation tasks to
validate our method. In future, we plan to extend it
to other tasks for broader verification. Additionally,
our method’s effectiveness depends on the long-
context processing capabilities of LLMs, and we
currently assume that the context window is suffi-
cient for handling our data. We also plan to extend
our method to address long-context cases.

Limitations

In this paper, we utilize LLMs to extract inter-user
differences, summarize difference-aware represen-
tations, and generate personalized reviews. These
processes require a highly powerful model to ef-
fectively analyze users’ personalized information,
ensuring that the generated reviews align closely
with individual user preferences. Moreover, in this
task, we specifically focus on three key aspects:
writing style, emotional style, and semantic style.
Our findings indicate that these factors significantly
enhance the quality of personalized reviews. How-
ever, in other tasks, these standards may not be as
suitable, and additional factors, such as personal-
ity traits, might need to be considered. Our ap-
proach involves comparing differences between
users, which inevitably introduces additional com-
putational overhead and time costs. We believe
this challenge can be mitigated by precomputing
and storing difference-aware representations in user
memory. These representations can then be directly
retrieved during online deployment, with periodic
updates ensuring both efficiency and relevance.

Ethical Statements

Our method presents the following potential ethical
concerns that need to be addressed carefully dur-
ing deployment. First, it involves the storage and
retrieval of users’ historical interaction data, which
necessitates the implementation of strict safety pro-
tocols and ethical guidelines. Second, as we lever-
age inter-user differences to enhance personaliza-
tion, sharing and integrating information between
users raises significant privacy concerns. This pro-
cess must incorporate robust privacy safeguards,
including data anonymization, secure storage, and
explicit user consent. Furthermore, the ability to
create detailed user profiles for personalization pur-
poses introduces the risk of potential misuse, such
as surveillance or targeted manipulation. To mit-
igate these risks, developers bear the responsibil-
ity to prioritize privacy-preserving techniques and
ensure that user data is handled with the utmost
integrity and respect.

In our research, we use an open-source dataset,
ensuring full compliance with the original dataset’s
MIT license. Our research prioritizes data integrity,
privacy, and ethical considerations to uphold the
responsible and fair use of open-source resources.
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A Dataset Details

In this paper, we focus on item review text gen-
eration, which is an effective task to evaluate the
model’s ability to generate personalized content.
To generate data samples, we employ the open-
source Amazon Reviews Dataset (Hou et al., 2024)
and primarily follow the setting of LongL.aMP (Ku-
mar et al., 2024), with several modifications to
better align with our experimental framework.

Dataset Introduction. The Amazon Reviews
dataset is processed by merging the user reviews
subset with the item metadata subset using the asin
field as the shared field. Specifically, the asin value
from the user reviews subset is matched to the cor-
responding parent_asin field in the item metadata
subset. From the user reviews subset, we extract
asin, which is the unique identifier for the item;
user_id, representing the unique identifier for the
reviewer; title, which denotes the title of the review;
text, containing the actual review content; rating,
indicating the numerical rating given by the user;
and timestamp, specifying the time when the review
was submitted. From the item metadata subset, we
select parent_asin, which serves as a reference to
the asin field in the user reviews subset, linking
reviews to items; title, representing the title of the
item; and description, providing a textual summary

{
"user_id": "AFZUK3MTBIBEDQOPAK3OATUOUKLA",
"profile”: [
{

"asin": "BO00056HE9",
"rating": 5.0,
"text": "This movie is one of my all time holiday favorites..."

L
=

"data": {
"asin": "BO002F6BRE",
"title": "EIf movie",
"timestamp": 1607398123747,
"rating": 5.0,
"text": "I purchase this movie..."

}

}

{
"asin": "BO71GVGD2B",
"title": "Transformers: The Last Knight",
"description”: "Our world's greatest hero becomes our fiercest..."

}

Figure 5: Examples of the main experimental dataset
(above) and the item dataset (below).

Table 3: Dataset statistics of three categories in our
processed Amazon dataset.

Categories (]) #data  Profile Size Output Length
Movies Train 15400 356143597 1691.4241617.71
&TV  val 1925 40.11435.89 1668.26+1612.17
@832) ot 1925 411143589 1704.61+1751.98
CDs & Train 14032 33.00432.44 1485.19+1292.09
Vinyl  val 1754 37.50432.36 1602.93+1431.09
(801D o 1754  38.50432.36  1600.04+1419.49
Books TN 2536 293442263 1295.77:6827.48
(839) Val 317 338442251 121649476844

Test 317  34.8442251 1194.90+801.18

of the item’s features. To distinguish between the
review title and the item title, we use review_title
for the former and item_title for the latter.

Data Curation. We perform a detailed data-
cleaning process to create a high-quality bench-
mark. First, we ensure that each review includes a
corresponding review_title, rating, and timestamp,
with a minimum text length of 200 characters to
meet the long-form criteria. For each item, we
verify that it has an item_title and that its descrip-
tion falls within the 100 to 2000-character range to
maintain high-quality content. Following this, we
ensure that each product has at least four unique
reviewers and retain only the most recent review
from each reviewer for a given item. Additionally,
we restrict the number of reviews per reviewer to
between 18 and 500 to filter out users who may
engage in review manipulation or have insufficient
data for meaningful personalization. To meet the
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Table 4: Comparison of different baseline methods.

Method Training-Free

Current User’s Data

Other Users’ Data Difference-Aware

Non-Perso X
RAG
IntSum
LLM-TRSR
CICL
Persona-DB
DPL

*x X X X
X X X X X X

requirements of our experimental setup, we further
ensure that each user in the validation and test sets
has at least 8 historical records, where each record
corresponds to an item that has been reviewed by
at least 5 users, including the target user. This con-
straint guarantees that we can retrieve a sufficient
number of other users for computing difference-
aware representations during evaluation. These
settings are designed to align with our experiments.

Dataset Construction. After preprocessing, we
proceed to construct the main experimental dataset.
Here we follow the Temporal Setting used in
LongLaMP, treating each user as a data point.
However, unlike LonglLaMP, we take a different
approach when constructing the training dataset.
Specifically, we use a user’s 10th most recent to
3rd most recent reviews as training samples, with
their profile information derived from historical re-
views relative to the target review. The validation
dataset consists of the user’s 2nd most recent re-
view, while the test dataset includes the 3rd most
recent review. Each user’s historical information
samples include only the item asin, rating, times-
tamp, review_title, and text. The asin references
the pre-filtered item dataset, allowing us to extract
the corresponding item information. Examples of
the main experimental dataset and the item dataset
are illustrated in Figure 5. We process the three
categories: Books, Movies & TV, and CDs & Vinyl
separately. The statistics for these categories after
dataset construction are presented in Table 3.

Dataset Usage. In our experiments, we utilize only
the test dataset for a direct evaluation of model per-
formance. The details of model inputs are provided
in Appendix G. Notably, the training and validation
datasets are included to support related research.

B Baselines Details

In this section, we further introduce each baseline
method in detail. Additionally, the comparison be-
tween different baseline methods and our proposed
DPL is shown in Table 4.

* Non-Perso: This method does not utilize any
user-specific information to assist in personalized
review generation. The model’s input consists
only of the item’s title and description, along with
the rating and title of the review to be generated.

* RAG: This method employs a retriever, specifi-
cally BM25 in our experiments, to retrieve rele-
vant past reviews from the user’s review history.
These retrieved reviews are then formatted and
incorporated into the LLM’s input prompt.

* IntSum: Unlike the original implementation of
generating a summary offline and directly using
it in downstream tasks, our scenario of long-form
text review generation also involves long-form
user history. Due to the input length limitations
of LLMs, we cannot feed all of a user’s historical
reviews into the model at once to produce a sensi-
ble user profile summary. Therefore, we explore
an alternative solution: instead of generating a
static summary beforehand, the model dynami-
cally creates a summary based on the retrieved
user’s historical reviews. This summary is then
integrated into the model’s input prompt along
with retrieved historical reviews. The experimen-
tal results demonstrate that our implementation
is correct.

e LLM-TRSR: To address the issue that our
IntSum experiment does not utilize all of the
user’s historical data, we select the LLM-TRSR
method as a baseline. This method divides the
user’s history into blocks and introduces two dis-
tinct preference summarization paradigms: hi-
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erarchical summarization and recurrent summa-
rization. We opt for the recurrent summariza-
tion technique due to its superior performance
and better suitability for the temporal setting of
our dataset. In this method, a summary is first
generated based on the initial history block and
then iteratively updated using more recent history
blocks. The final summary is then integrated into
the model’s input along with the retrieved user’s
historical reviews. In our experiments, each his-
tory block contains eight reviews.

* CICL: This is the Contrastive In-Context Learn-
ing method. While originally not designed for
LLM personalization, we adapt it to our exper-
imental scenario. In our experiments, we treat
the current user’s review as the positive example
and a review from another user as the negative
example. To construct these comparisons, we
use the BM25 retriever to retrieve a historical
review from the current user and randomly se-
lect a review on the same item from another user.
These comparative reviews, along with the cur-

Template

You are an impartial evaluator tasked with assessing how well an |
Al-generated item review is personalized for a specific user.

Based on the provided item title and description, the user's

rating for this item, and the review title, assign a score to the Al-
generated review by comparing it to the user's real review.

[Scoring Criteria]:

[Score 0]: The Al-generated review is completely unrelated to
the user's real review. It does not describe the item correctly or
reflects the user's personal thoughts and preferences.

[Score 2]: The Al-generated review has a weak connection to the
user's real review. It may mention the item but does not include
the key points or personal thoughts that the user included.
[Score 4]: The Al-generated review partially matches the user's
real review. Some key points are included, but important details
are missing, and the review may feel too general or not personal
enough.

[Score 6]: The Al-generated review mostly matches the user's
real review. It covers the main points but may miss some details
or personal thoughts that the user included.

[Score 8]: The Al-generated review is very similar to the user's
real review. It captures the user's thoughts and preferences well,
with only small differences.

[Score 10]: The Al-generated review is almost the same as the
user's real review. It includes all key details, personal thoughts,
and preferences exactly as the user expressed them.

Output the numerical score only.

rent user’s past reviews, are incorporated into the
prompt for an LLM summarizer, thereby improv-
ing the quality of summary generation.

* Persona-DB: This method introduces a collab-
orative refinement approach that allows a user
to retrieve information from relevant peers to en-
rich knowledge. We adapt this approach to our
task. For selecting relevant users, we employ an
embedding-based strategy using the gte-Qwen2-
1.5B-Instruct embedding model to encode users’
historical information and identify the most simi-

Input

[Iltem Title]: </tem title>

[Iltem Description]: <item description>
[Review Rating]: <review rating>

[Review Title]: < review title>

[User's real review]: <user’ s real review>
[Al-generated review]: <A/-generated review>
[Score]:

Figure 6: The prompt used for the evaluator LLM to
evaluate the generated text based on the reference text
and the provided criteria. The italicized text enclosed
in <> represents placeholders for the actual values of

lar user to the current user. When generating the  yariables. These representations are consistent across
review, we first create a summary based on the  the prompt figures.

current user’s retrieved historical reviews. Simul-
taneously, we extract the same number of reviews
from the most similar user’s history. The current
user’s profile summary, historical reviews, and
the most similar user’s historical reviews are then
integrated into the prompt for the LLM generator.

All baseline methods, including our approach,
use prompts that are uniformly designed for our
review generation task.

C Evaluation Metrics

In this paper, we consider the ROUGE-1, ME-
TEOR, S-72B, and S-GPT metrics in the primary
experiments. We offer detailed descriptions of each
metric as follows.
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ROUGE-1: ROUGE-1 (Recall-Oriented Under-
study for Gisting Evaluation) is a metric that mea-
sures the overlap of unigrams (individual words)
between the generated text and the reference text.

ROUGE-L: ROUGE-L is a metric that evaluates
text similarity by measuring the longest common
subsequence (LCS) between the generated text
and the reference text.

METEOR: METEOR (Metric for Evaluation
of Translation with Explicit ORdering) is a met-
ric that evaluates text similarity by considering
exact word matches, stemming, synonyms, and
word order between the generated text and the
reference text.



* BLEU: BLEU (Bilingual Evaluation Under-
study) is a metric that evaluates text similarity
by measuring the precision of n-gram matches
between the generated text and the reference text.
In our experiments, we use the SacreBLEU? (Post,
2018) library, which is a standardized version of
BLEU. The higher the BLEU score, the more
similar the generated text is to the reference.

» S-72B: S-72B is a metric that assesses the qual-
ity of generated text by comparing it to a refer-
ence text using the Qwen-2.5-72B-Instruct-AWQ
model. We design the prompt following previous
works (Liu et al., 2023; Li et al., 2024b; Salemi
et al., 2025) and make some reasonable modifi-
cations to better suit our task. In this evaluation,
the prompt to the model includes the generated
review, the user’s real review as the reference,
as well as relevant metadata such as the review
title, rating, and item details, including its title
and description. To ensure robustness, we run the
scoring process with two different random seeds
and report the average of their results. We also
perform scoring inference using the vLLM library,
with the temperature set to 0.8 and top_p set to
0.95. The prompt is depicted in Figure C.

* S-GPT: S-GPT is another metric that utilizes the
GPT-40-mini LLM as the evaluator. It adopts the
same temperature, top_p, and prompt settings as
S-72B. The final S-GPT score is calculated as the
average of five evaluations.

D Implementation Details

D.1 Running Environments

We utilize the vLLM* library (Kwon et al., 2023)
as the inference engine for LLMs in generating
and the Sentence-Transformers> (Reimers and
Gurevych, 2019) library for LLMs in embedding in
a Python 3.11.11 environment. All experiments are
conducted on a single NVIDIA H100 NVL GPU
with 96GB of GPU memory.

D.2 Hyperparameter Configurations

We configure the model with a maximum out-
put length of 2048 tokens while keeping the in-
put length unrestricted. Following the settings in
Longl.aMP, we set the parameter top_p to 0.95.
These settings remain consistent across all experi-
ments.

3https://github.com/mjpost/sacrebleu

*https://github.com/vllm-project/vllm
>https://www.sbert.net/

E Efficiency Analysis

In this section, we briefly discuss the efficiency of
our proposed DPL.

We evaluate the cost of selecting compari-
son users using the K-means method with pre-
computed review embeddings. Since the number of
involved users is small, the selection process takes
only 0.002s per key historical review on average.
In our main experiments, we use 8 key historical
reviews, resulting in an additional cost of approx-
imately 0.016s per generation, which is generally
acceptable for each time generation.

Additionally, since our method uses a fixed num-
ber of comparison users for difference extraction,
the computational cost of most components re-
mains stable as the data size increases. The only
exception is the comparison user selection process,
which uses K-means clustering (K = 5). The
cost of this step depends on the number of users
who have interacted with a given item (denoted as
u' = #tinteractions / #items < #users), with a
complexity of O(u' x K x t) ~ O(u'), where t is
the number of iterations. Importantly, this step is
lightweight—clustering 10,000 samples takes un-
der 0.3 seconds in our setup — compared to LLM
inference. Thus, the additional overhead is mini-
mal, and our method scales comparably to baseline
approaches.

F Additional Experiments
F.1 Yelp Dataset

To further validate the generalizability and robust-
ness of our proposed method, we conduct addi-
tional experiments on the Yelp® dataset. This
dataset presents a different domain from our pri-
mary evaluation benchmarks, allowing us to assess
whether the observed performance gains extend to
a broader range of real-world scenarios.

Dataset Construction. The Yelp Open Dataset
is a large-scale, publicly available collection of
user-generated reviews, primarily covering local
businesses such as restaurants, shopping centers,
and service providers across various cities. It con-
tains rich information, including user reviews, rat-
ings, business metadata, and timestamps, making
it a valuable resource for studying the personalized
review generation task. Following the same proto-
col as applied to the Amazon dataset, we perform
data filtering and cleaning to ensure consistency.

®https://business.yelp.com/data/resources/open-dataset
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Table 5: Dataset statistics of our processed Yelp dataset.

Splits (])  #data Profile Size ~ Output Length
Train 229944  38.56+41.75 681.81+£394.80
Val 28743  43.06+41.69 672.05£394.69
Test 28743  44.06+41.69 659.71£390.20

Table 6: Experimental results on the Yelp dataset.

Methods (|) R-1 R-L METEOR BLEU
Non-Perso 022721445, 01286100036  0.1514100043 06242101706
RAG 0.2581 40006 01372400004 02012400000  1.3549403043
IntSum 0.25901000s2 01367400005 0215410005 1.374940.1750
LLM-TRSR 0221640437 01217400001 0.1892400036  0.705540175
CICL 0.2627 4 000 01377 440037 0.2174 4003 L4118 0504
Persona-DB 0257010000  0.1359400027 02122400032 1.34594 1470
DPL 0.2667% 100065 0.1422% 10007 0.2226% 10005 1.5572% 10565

In particular, we retain several key fields: user_id,
which identifies the user who wrote the review;
business_id, which specifies the reviewed business;
business_name, the name of the business; stars, the
rating score of the review; fext, which contains the
full content of the review; and date, which we rep-
resent by timestamp. The statistics of the processed
Yelp dataset is shown in Table 5. Our processed
Yelp dataset is also available on Huggingface’.

Implementation Details. We largely follow the
same implementation setup as in the main experi-
ments, except that the item description is removed
from the prompt. N in Equation (3) is set to 8, and
K in Equation (4) is set to 4. Due to the large scale
of the original dataset, we randomly sample 100
data points from the full set in each run to save
computational resources and time while maintain-
ing reliability. This sampling process is repeated
five times, and we report the mean and standard
deviation of the results across the five runs.

Experimental Results. We report the results on
conventional metrics here and also perform signifi-
cance testing to assess the statistical reliability of
the observed differences. The results are shown
in Table 6, from which we observe that our DPL
method consistently achieves the best performance.
Moreover, it demonstrates statistically significant
improvements over all baselines across the four
evaluation metrics.

"https://huggingface.co/datasets/SnowCharmQ/DPL-
Yelp

Table 7: Experimental results on the Books category
using a 32B model.

Methods ({) R-1 METEOR S-72B
Non-Perso  0.3059.00029 0.1958100025 0.6159+0.0125
RAG 03337100044 0-2755:100022 0.6288.0,0046
IntSum 0.326540.0039 0.2825.0.0020 0.6260+0.0045
LLM-TRSR 03199400046 02794400029 0.6273£0.0068
CICL 0.3247100056 0.273740.0031  0.6274+0,0032
Persona-DB  0.3263.00051 0.2771+400013 0.622540.0062
DPL 0.3338.0.0044 0.2828:00026 0.6312.( 0088

F.2 Model of Different Size

To further investigate the generalization capabil-
ity of our approach, we conduct experiments to
evaluate its performance across models of different
sizes. Specifically, we consider the Qwen2.5-32B-
Instruct model. For each method, we utilize 8
retrieved historical data points. To reduce resource
costs, we perform our experiments on the Books
category only and report the results in ROUGE-1,
METEOR, and S-72B metrics. The experimen-
tal results are shown in Table 7, from which the
following observations can be drawn:

* When using the 32B model, its more powerful
capabilities lead to performance improvements
across almost all methods compared to the 14B
model. However, DPL still achieves state-of-the-
art performance. This demonstrates its strong
generalization capability and effectiveness in the
personalized review generation task.

* CICL and Persona-DB show performance drops
on certain metrics, with some even underperform-
ing compared to RAG, IntSum, and LLM-TRSR.
This suggests that simply leveraging other users’
information as auxiliary data is not particularly
effective in enhancing the model’s personaliza-
tion capabilities, emphasizing the idea that “dif-
ferences make us unique”.

F.3 Number of Retrieved Reviews

We conducted experiments to explore the impact
of different numbers of retrieved reviews on per-
formance. Specifically, we evaluated cases with 1,
2, 4, and 8 retrieved reviews. To save resources
and time, we only report the results with metrics
ROUGE-1, METEOR, and S-72B here. The ex-
perimental results, reported from a single run with
decoding temperature set to 0.8, are presented in
Table 8, leading to the following observations:
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Table 8: Experimental results across the three categories
of the processed Amazon dataset with varying numbers
of retrieved reviews {1,2,4,8}.

Datasets (—) Movies & TV CDs & Vinyl Books

Methods (}) R-1 MET. S-72B  R-1 MET. S-72B R-1 MET. S-72B

Non-Perso  0.2275 0.1304 0.5406 0.2392 0.1336 0.5379 0.2683 0.1512 0.5539

N=1 0.2540 0.1540 0.4858 0.2636 0.1546 0.5082 0.3007 0.1784 0.5609
N=2 0.2670 0.1658 0.5315 0.2768 0.1660 0.5434 0.3158 0.1971 0.5836
N=4 0.2802 0.1794 0.5617 0.2884 0.1787 0.5705 0.3211 0.2116 0.6145
N=8 0.2845 0.1897 0.5929 0.2926 0.1876 0.5933 0.3206 0.2173 0.6196

RAG

N=1 0.2643 0.1682 0.4618 0.2735 0.1671 0.4582 0.3155 0.2030 0.5533
N=2 0.2757 0.1807 0.5305 0.2865 0.1809 0.5466 0.3179 0.2144 0.5975
N=4 0.2835 0.1916 0.5752 0.2938 0.1921 0.5848 0.3167 0.2256 0.6151
N=8 0.2845 0.1972 0.6073 0.2949 0.1968 0.6014 0.3201 0.2340 0.6265

IntSum

N=1 02664 0.1728 0.5578 02811 0.1756 0.5602 0.3090 0.2015 0.5943
LLM- N=2 02760 0.1838 0.5816 0.2876 0.1835 0.5770 0.3125 02137 0.6057
TRSR  N—g 02808 0.1915 0.5942 02942 0.1941 0.5981 03169 0.2269 0.6177
N=8 0.2822 0.1955 0.6178 0.2937 0.1969 0.6083 0.3143 0.2294 0.6334

=1 0.2658 0.1682 0.4538 0.2737 0.1656 0.4575 0.3124 0.1977 0.5331
N=2 0.2759 0.1787 0.5242 0.2883 0.1797 0.5306 0.3230 0.2176 0.5748
N=4 0.2836 0.1881 0.5731 0.2949 0.1890 0.5732 0.3211 0.2278 0.6196
N=8 0.2873 0.1969 0.6142 0.3010 0.1987 0.5990 0.3255 0.2362 0.6391

CICL

N=1 0.2653 0.1658 0.4695 0.2719 0.1639 0.4637 0.3162 0.2000 0.5451
Persona N=2 0.2754 0.1786 0.5407 0.2843 0.1761 0.5479 0.3212 0.2161 0.5950
DB N—4 02819 0.1882 0.5822 0.2899 0.1861 0.5887 0.3267 0.2336 0.6309
N=8 0.2840 0.1954 0.6170 0.2941 0.1937 0.6048 0.3268 0.2423 0.6435

=1 0.2753 0.1747 0.5015 0.2859 0.1765 0.5158 0.3164 0.1989 0.5659
N=2 0.2858 0.1877 0.5630 0.2997 0.1917 0.5704 0.3202 0.2175 0.5905
N=4 0.2907 0.1949 0.5854 0.3071 0.2014 0.5958 0.3269 0.2311 0.6158
N=8 0.2938 0.2009 0.6245 0.3066 0.2058 0.6236 0.3315 0.2438 0.6435

DPL

¢ As the number of retrieved reviews increases,
the performance metrics of all methods gener-
ally show an upward trend. This indicates that
leveraging more historical user data enables the
model to better infer users’ personalized prefer-
ences and generate more tailored reviews.

Across different numbers of retrieved reviews,
our DPL method consistently achieves perfor-
mance that is comparable to or even surpasses
the best-performing baselines. Notably, when
the number of retrieved reviews reaches 8, DPL
steadily outperforms all other methods across
all three datasets. This demonstrates the robust-
ness of our method and its ability to effectively
leverage richer user history for enhanced person-
alization.

G Opverview of Templates & Prompts

In this section, we provide the prompts used for dif-
ferent components. Specifically, we list the prompt
used for the difference extractor LLM following
Equation (5) in Figure 7, the prompt used for the
summarizer LLM following Equation (3) in Figure
9, and the prompt used for the review generator
LLM following Equation (2) in Figure 10.

Template

Given the title and description of an item, along with the
current user's review and 4 other users' reviews for the same
item, analyze and output the differences between the current
user and other users by considering the following aspects:
[Writing Style]: word choice and sentence structure.

[Emotional Style]: sentiment tone (positive, negative, or neutral).
[Semantic Style]: information density and contextual coherence.

Input

[Item Information]:
- [Item Title]: </tem title>
- [Item Description]: <item description>

[Review by the current user]:

- [User's Ratingl: <user’ s rating>
- [Review Title]: <review title>

- [Review Text]: <review text>

[Review the other user 1]:

- [User's Ratingl: <other user 1° s rating>

- [Review Titlel: <other user 1’ s review title>
- [Review Text]: <other user 1’ s review text>

[Review the other user 2]:

- [User's Rating]: <other user 2’ s rating>

- [Review Titlel: <other user 2’ s review title>
- [Review Text]: <other user 2’ s review text>

[Review the other user 3]:

- [User's Rating]: <other user 3" s rating>

- [Review Titlel: <other user 3’ s review title>
- [Review Text]: <other user 3’ s review text>

[Review the other user 4]:

- [User's Rating]: <other user 4’ s rating>

- [Review Titlel: <other user 4’ s review title>
- [Review Text]: <other user 4’ s review text>

Figure 7: The prompt used for the difference extractor
LLM.

H Case Studies

In this section, we provide more case studies to
showcase our work.

H.1 Case Study: Comparison between
Difference-aware Representation and
User Profile Summary

We present a case study to compare the difference-
aware representation generated by our proposed
DPL method with the user profile summary pro-
duced by LLM-TRSR, as shown in Figure 8. From
the figure, it is evident that the difference-aware rep-
resentation generated by our method can better cap-
ture the user’s writing style, emotional style, and
semantic style, thereby achieving a higher degree
of personalization, as illustrated in Figure 4. In con-
trast, the profile summary produced by LLM-TRSR
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DPL Generated Difference-aware Representation:

The current user tends to provide straightforward and personal reviews, often using a
conversational tone. Their emotional responses are varied, ranging from highly positive (such as in
"Deadpool”) to negative or disappointed (such as in "X-Men: Apocalypse” and "The Hobbit: The
Desolation of Smaug"). They appreciate superhero movies with a lighter tone and feel that
Marvel's approach is superior to DC's in general, though they enjoyed "Batman v Superman: Dawn
of Justice" and "Justice League" more than many other critics. Their writing is direct, focusing on
personal impressions rather than detailed analysis, and they occasionally incorporate comparisons
to other films in the same franchise or genre.

LLM-TRSR Generated Summary:

This user is a discerning film enthusiast with a notable appreciation for science fiction and
superhero movies, particularly when they offer a fresh and unique take on the genre. They value
strong acting, captivating storylines, and films with a gritty, dark tone. While they are enthusiastic
about movies that meet these criteria—such as "Logan” and "Westworld"—they are also critical of
adaptations that fall short of their expectations, such as "STAR WARS: THE LAST JEDL." They enjoy

despite their flaws, remain engaging, such as "Justice League.”

well-executed films that offer both action and depth, and are impressed by performances that
elevate a movie, as seen in their high rating for "Logan." The user finds value in sequels that
maintain a strong sense of originality, like "Deadpool 2," and appreciates action-packed films that,

[Item Title]: Aquaman (Blu-ray)
[Review Rating]: 3.0
[Review Title]: A little too epic

Figure 8: Case Study: a comparison of the difference-aware representation generated by the DPL method and the
user profile summary LLM-TRSR method. The sections highlighted in red color demonstrate the advantages of the

difference-aware representation generated by DPL.

Template

Given titles and descriptions of <k> items, along with the
differences in writing style, emotional style, and semantic style
between the current user's review and other users' reviews for
each item, and the current user's past reviews, generate a
profile summary of the current user.

The summary should be formatted as follows:

[Summary]: <summary>

Input

[Item Title]: </tem title>

[Item Description]: <item description>

[Differences between the current user's review and the other
user's reviews]:

< difference description>

(K blocks are concatenated by the new line symbol)

[User’ s Past Reviews]:

[Review </>]:

- [Item Title]: </tem title>

- [Item Description]: </tem description>
- [Review Rating]: <review rating>

- [Review Title]: <review title>

- [Review Text]: <review text>

(K blocks are concatenated by the new line symbol)

Figure 9: The prompt used for the summarizer LLM.

includes a lot of irrelevant information, which does
not effectively contribute to personalized review
generation.

H.2 Case Study: Outputs of DPL
Components

We present a case study (Figure 11) to illustrate
the outputs generated by the three key LLM-based
components of DPL: the difference extractor, sum-

Template

Given the title and description of an item, along with the
current user's past reviews and profile summary, and the output
review rating and review title, generate a personalized item
review for the current user.

The review should be formatted as follows:

[Review]: <review>

Input

[Item Title]: </tem title>
[Item Description]: <item description>
[User’ s Past Reviews]:

[Review </>]:

- [Item Title]: </tem title>

- [Item Description]: <item description>
- [Review Rating]: <review rating>

- [Review Title]: <review title>

- [Review Text]: < review text>

(K blocks are concatenated by the new line symbol)

[User’ s Profile Summary]: <summary>
[Output Review Ratingl: <output review rating>
[Output Review Title]: <output review title>

Figure 10: The prompt used for the review generator
LLM.

marizer, and review generator. The results show
that each component produces well-structured and
meaningful outputs.
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(S ML)

[Item Title]: The Batman (4K Ultra HD)
[Review Rating]: 4.0
[Review Title]: An evolution?

**Writing Style:**

- **Current User:** The current user's writing style is concise and direct. The sentences are relatively short,
and the language is straightforward. There's a sense of disappointment conveyed through phrases like
"another movie starts" and "sure isn't comedy," indicating a shift in tone towards the latter part of the
review.

- **QOther Users:**

- **User 1:** Uses a more structured and formal tone. Longer sentences and a more detailed recount of
the plot are evident. The style is critical and opinionated, especially towards the end of the review where it
becomes more argumentative.

- **User 2:** Employs a conversational tone with informal expressions like "hence this movie" and "that
being said." The sentences are mixed in length and complexity, providing a personal touch and a
conversational flow.

- **User 3:** Maintains a formal yet personal tone, blending detailed observations with personal
reactions. The use of humor and personal reflection is notable.

- **User 4:** Follows a more critical and formal tone, with longer, complex sentences. The writing is
detailed and analytical, often delving into specific examples and comparisons.

**Emotional Style:**

- **Current User:** The emotional tone is predominantly negative, with a hint of disappointment. The
review starts positively but shifts to a critical stance towards the latter part, suggesting a letdown.
- **Other Users:**

- **User 1:** Extremely negative, bordering on hostile, especially regarding religious themes. The tone is
very critical and offended.

- **User 2:** Mixed, starting with a positive outlook but ending with a sense of disappointment and loss
of interest.

- **User 3:** Positive overall, with moments of amusement and reflection. There is a critical but not overly
negative stance towards the religious theme.

- **User 4:** Negative, focusing on disappointment and the movie's failure to live up to its premise.

**Semantic Style:**

- **Current User:** Information density is moderate, focusing on the overall experience of the film. The
context is more about the film's structure and progression rather than detailed plot points.
- **QOther Users:**

- **User 1:** High information density, with detailed descriptions and critiques. The context is more
focused on the film's execution and specific elements.

- **User 2:** Moderate information density, blending personal reactions with plot details and
observations about the film's structure.

- **User 3:** High information density, with a detailed critique and personal reflections. The context
includes both comedic and thematic elements.

- **User 4:** High information density, providing detailed critiques and comparisons. The context is more
analytical and critical, focusing on the film's execution and potential missed opportunities.

The current user tends to write concise, straightforward reviews with a neutral to slightly negative
emotional tone. They often highlight specific aspects of the film, such as acting performances or plot
inconsistencies, but generally focus on their personal experiences and reactions. The user values realism
and relatability in films, expressing disappointment when characters or plots feel unrealistic or contrived.
Their reviews are brief and generally lack detailed analysis, focusing more on immediate impressions and
personal critiques.

An evolution? The Batman feels like a fresh take on a familiar character, diving deep into the psychological
complexities of Bruce Wayne. Robert Pattinson's portrayal is a stark departure from previous iterations,
and | found it intriguing rather than off-putting. The film's pacing and noir aesthetics keep you engrossed,
and the mystery surrounding the Riddler is both captivating and well-executed. While some aspects may
not resonate with everyone, | appreciated the darker, more realistic tone and the nuanced exploration of
the Dark Knight.

Figure 11: The outputs of various DPL components: the red section represents the output of the difference extractor,
the green section corresponds to the summarizer’s output, and the yellow section denotes the output of the review
generator, which serves as the final targeted review.
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