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Abstract

Conversational agents deployed in industrial-
scale WeChat Official Account platforms
must generate responses that are both
contextually grounded and stylistically
aligned—requirements that existing methods
struggle to meet. Chain-of-thought (CoT)
prompting induces significant latency due
to multi-turn reasoning; per-account fine-
tuning is computationally prohibitive; and
long prompt-based methods degrade the
model’s ability to grasp injected context and
style. In this paper, we propose WeStar, a
lite-adaptive framework for stylized contextual
question answering that scales to millions of
WeChat Official Accounts. Our contributions
are fourfold: (1) We introduce WeStar, a
unified framework capable of serving large
volumes of official accounts with minimal
overhead. (2) We propose a multi-dimensional,
cluster-based parameter sharing scheme that
enables compact style representation while
preserving stylistic diversity. (3) We develop a
style-enhanced Direct Preference Optimization
(SeDPO) method to optimize each style
cluster’s parameters for improved generation
quality. (4) Experiments on a large-scale
industrial dataset validate the effectiveness
and efficiency of WeStar, underscoring its
pracitical value in real-world deployment.

1 Introduction

Inspired by the outstanding capabilities of large
language models in question-answering tasks, the
industry has adopted conversational agents that di-
alogue with users in many tasks, such as Al in
games (van Stegeren and Mysliwiec, 2021), voice
assistants (Arakawa et al., 2024), and WeChat Offi-
cial Account assistants. WeChat Official Accounts
serve as a powerful communication channel for in-
dividuals, media outlets, enterprises, government
bodies, and other organizations, enabling them to
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disseminate information in article form within our
ecosystem. Users can interact with these articles
in WeChat Official Accounts by leaving comments,
which are often replied to directly by the author.
Additionally, users may pose questions to WeChat
Official Account’s intelligent assistant via the chat
interface, expecting responses that are both context-
grounded and style-aware which are grounded in
the author’s published articles and reflective of the
author’s personal communication style. While the
articles provide rich, factual content, they are typ-
ically formal and do not capture the author’s con-
versational tone. In contrast, the author’s replies
to user comments offer a more authentic and fine-
grained reflection of their stylistic preferences in
interactive settings. Motivated by this observation,
we treat articles as the source of question-specific
knowledge and leverage the author’s historical com-
ment replies as the basis for style-specific knowl-
edge to address the Stylized Contextual Question
Answering problem.

To tackle the problem, existing approaches can
be broadly categorized into three paradigms: fine-
tuning-based methods, which directly adapt the
model on style-specific data; CoT-based methods,
which employ multi-step prompting to decompose
and solve the task; and prompt-based methods,
which inject both knowledge-specific and style-
specific knowledge into a single prompt. However,
each of these comes with limitations in scalabil-
ity, efficiency, or effectiveness when deployed at
industrial scale.

In recent years, fine-tuning-based approaches
have shown strong performance in the domain of
stylized text generation (Liu et al., 2024). A widely
adopted strategy involves supervised fine-tuning
(SFT) on customized style-specific corpora, en-
abling large language models (LLMs) to adjust
their output distributions by updating model param-
eters accordingly. However, fine-tuning remains
a significant bottleneck in many real-world appli-
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cations. For instance, in WeChat Official Account
assistant tasks, a distinct model must be fine-tuned
and maintained for each individual author to ensure
stylistic consistency. This process incurs substan-
tial time and computational costs, severely limiting
scalability.

Chain-of-thought (CoT)-based methods offer a
promising direction for mitigating the computa-
tional and deployment burden associated with styl-
ized text generation. A straightforward solution
is to decompose the stylized contextual question
answering task into two sequential sub-tasks: (1)
generating a contextually relevant answer, followed
by (2) applying a text style transfer model to adapt
the response to the target style. While conceptually
simple, this two-stage pipeline introduces practical
limitations. Specifically, invoking a large language
model (LLM) twice not only increases computa-
tional overhead but also introduces latency, which
can significantly degrade the user experience.

Therefore, prompt-based methods presents a
more practical solution to the stylized contextual
question answering task. By incorporating re-
trieved question-specific articles and customized
style-specific corpora into the input of an end-to-
end LLM, the system injects external stylistic and
semantic knowledge directly into the model’s con-
text window, enabling dynamic adaptation without
parameter updates. However, injecting knowledge
from multiple sources via input prompts inevitably
leads to increased context length. This extended
input not only introduces additional computational
overhead and latency during inference, but also de-
grades the LLM’s ability to effectively understand
and utilize the injected information (Levy et al.,
2024).

To address these challenges, we propose WeS-
tar, a novel framework to build one lite-adaptive
style-ware and context-grounded agent capable of
serving millions of multi-style WeChat Official Ac-
counts. Before online inference, WeStar first per-
forms fine-grained style labeling over each account
author’s corpus across multiple stylistic dimen-
sions. Authors with similar style are then grouped
into clusters, and each cluster is associated with
a shared set of stylized model parameters trained
via style-enhanced Direct Preference Optimization
(SeDPO). This cluster-based parameter sharing en-
ables compact storage of stylistic knowledge and
supports scalable deployment across millions of
account authors. During inference, WeStar incor-
porates question-specific knowledge (i.e., retrieved

articles) into the input prompt to enrich the model’s
domain understanding and enhance its question-
answering capabilities. In parallel, instead of rely-
ing exclusively on prompt-based knowledge injec-
tion, WeStar adopts a parameter injection approach,
where style-specific knowledge is embedded di-
rectly into the model parameters. This dual-channel
design not only enhances stylistic consistency but
also substantially reduces prompt length, thereby
mitigating context overflow and improving infer-
ence efficiency.

To evaluate the effectiveness of WeStar in real-
world industrial scenarios, we conducted exper-
iments on a large-scale WeChat official account
dataset. WeStar achieves state-of-the-art perfor-
mance across four customized evaluation dimen-
sions, including contextual alignment, question rel-
evance, stylistic strength and fluency. These results
demonstrate the practical applicability of our frame-
work in stylized contextual generation tasks.

Our main contributions are summarized as fol-
lows:

* We propose WeStar, a novel framework to
build one lite-adaptive stylized contextual
question-answering agent capable of serving
millions of WeChat Official Accounts.

* We introduce a multi-dimensional style-
specific cluster-based parameter sharing ap-
proach that enables compact parameter stor-
age while preserving a broad spectrum of
stylistic knowledge, facilitating scalable de-
ployment across diverse WeChat official ac-
count authors.

* We leverage a style-enhanced Direct Prefer-
ence Optimization (SeDPO) strategy to train
the parameter representations for each style
cluster, thereby improving the model’s capac-
ity for style-aware generation.

* We conduct evaluations on a large-scale indus-
trial dataset and validate the proposed method
across four key metrics, demonstrating its
practical value and profitability in real-world
applications.

2 Related Work

2.1 Text Style Transfer

Text style transfer (TST) is a different but related
task compared to our work, which aims to alter
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the stylistic attributes of a given text while pre-
serving its original content. Early research fo-
cused on rule-based and statistical methods. With
the rise of deep learning, neural methods became
dominant, particularly unsupervised frameworks
leveraging content-style disentanglement or rein-
forcement learning (Liu et al., 2022; Luo et al.,
2019). More recent work investigates the potential
of contrastive learning and pattern mining (Han
et al., 2023). LLMs also bring new paradigms to
TST. Reif et al.(Reif et al., 2022) and Mukherjee
et al.(Mukherjee et al., 2024) explored zero-shot
and few-shot style transfer via prompt engineering,
revealing LLMs’ surprising generalization ability.
Ostheimer et al. (Ostheimer et al., 2024) further
investigated LLLM-based evaluation, demonstrating
strong correlation with human judgments.

2.2 Stylized Answer Generation

Several studies tackle stylized answer generation
using fine-tuned large language models or style-
controlled decoding strategies (Zheng et al., 2021;
Gao et al., 2019). To better ground stylized gener-
ation in external knowledge, Sun et al.(Sun et al.,
2022) introduce disentangled template rewriting
in knowledge-grounded scenarios. Additionally,
Feature-Guided Knowledge Augmentation(Li et al.,
2023) retrieves stylistic sentences to guide content
planning and uses contrastive learning to enhance
fluency and style control. Despite these advances,
most prior work operates on relatively small-scale
or synthetic style corpora, which limits their appli-
cability in real-world, large-scale scenarios. Recent
efforts have begun to address scalability (Li et al.,
2024a; Jing et al., 2024), but none match the scale
and complexity of the deployment setting consid-
ered in our work.

3 Method

Given a user-issued question (), a retrieved context-
specific knowledge C relevant to (), and a retrieved
style-specific knowledge S representing a target
response style, the objective is to generate a style-
aware and context-grounded answer A such that A
correctly addresses the information need expressed
in ), grounded in the content of C', and A adheres
to the stylistic characteristics exemplified by S.
To address the challenges of stylized contextual
question answering, WeStar adopts a dual-injection
approach: it injects question-specific knowledge
into the prompt and style-specific knowledge into

the model parameters. In this section, we first de-
scribe how WeStar clusters authors with similar
style and trains shared stylize-specific parameters
for each style cluster. We then present the online in-
ference mechanism of WeStar, which dynamically
composes responses by combining the retrieved
content and the appropriate style-specific parame-
ters.

3.1 CQA Construction

To construct high-quality CQA (Context, Question,
Answer) triplets for training, we adopt two com-
plementary strategies: a forward-thinking method
that prompts a large language model M to generate
questions and answers based on given article seg-
ments, and a bottom-up method that prompts M
to simulate realistic user roles and queries based
on the domain of each public account, followed
by context retrieval and answer generation with
M. The forward-thinking approach offers high
scalability, while the bottom-up strategy introduces
domain-relevant and user-intent-aligned queries,
ensuring a better match to real-world QA work-
flows. Together, these methods yield a CQA dataset
that balances diversity, difficulty, and contextual
grounding. Full prompt templates and examples
are provided in the Appendix.

3.2 Style Labeling

We design twelve style classification stan-
dards, organized across four stylistic dimensions:
(1)Semantic level: intention type, degree of author-
ity; (2)Grammatical level: omitted features, use of
inversion, use of passive voice; (3)Syntactic level:
sentence complexity, rhetorical features, cohesion
mechanisms; (4)Lexical level: lexical complexity,
emotional polarity, frequency of emojis, and degree
of formality.

For each official account author, we perform fine-
grained labeling of their style corpus using LLM
M, based on the twelve predefined classification
standards. Specifically, for every QA pair in the cor-
pus, M generates candidate labels for each stylistic
dimension. We then aggregate these annotations by
taking the majority label for each standard across
all QA pairs within the author’s corpus. These
aggregated labels serve as the author’s stylistic pro-
file and provide the foundation for subsequent style
tree building. The detailed prompt templates are
provided in the Appendix.

14260



[ 8 Context ] R — [ F;|° Prompt ]
— @ — a7 S — @
: Official
User Question ACCI:::‘AI [ @ ShylelComus ]_, [ 4 H — ] / LLM Answer
[ [ [ [ ~
- . . : stylenode  style node I ' N
| 1 1 Yy 1 I part of style tree
» 5 @ : %3 : ! cQA ! CQsA ! :
: ontext Question . . standard A 1 . l . :
' | g ' andard B | ¢ : !
1 1 standar oo 1
: @ 1 P N 1 1 1 "( N . 1 :
Question Context | standard ...! ! 'F_.:]' 'El' 1| MetricA  MetricB 1

1 standard A \ 1
I ! ! standard C ! N ¥ ! leaf node |
| ! standard B ! ! / \ ! 1 . |
, | standard C 1 1 1 Select/Pass I Chosen Rejected \
I Answer  Answer : : standard ... : CQSA CQSA : : |
\

* CQA Construction : Style Labeling : Style Tree Building : CQSA Construction : Data Selection _: Style-Enhanced DPO . S

Figure 1: Overview of WeStar.

Algorithm 1 style tree building

Input: C — a set of style corpora

Input: S —a set of style classification standards
Output: 7 — a hierarchical style tree

1

Initialize tree 7 with a root node containing
all corpora C
Initialize queue () < {root node}
Set corpus size threshold k
For each style standard s € S:
While () is not empty:

n <+ Q.front()

Q-pop()
8 If node n can be split into child nodes
{ni,...,nm} by s and each child n; satis-
fies |Cp,| > k, then:
9 Expand node n in 7T into children
{ni,....nn}
10  Push all new leaf nodes in 7 into queue Q)
11 Return 7

N AW

3.3 Style Tree Building

Following the style labeling stage, we construct a
hierarchical style clustering tree to group the au-
thors with similar style into the same cluster. The
construction process, outlined in Algorithm 1, pro-
ceeds by traversing the predefined set of style la-
beling standards S in a specified hierarchical order.
For each leaf node in the current tree, if the as-
sociated style corpus can be partitioned by a label
standard s € S—and each resulting subset contains
more than k£ examples—then the node is expanded
into multiple child nodes, each corresponding to
a distinct stylistic subgroup defined by s. Upon
completion of the algorithm, each leaf node in the
resulting style clustering tree represents a stylized
cluster of the original corpus C. The path from a
given leaf node to the root captures its cumulative

stylistic characteristics.

In this way, authors with similar stylistic charac-
teristics are grouped into the same clusters. This
hierarchical organization facilitates style-specific
parameter training by enabling parameter sharing
among authors within the same cluster, thus re-
ducing both training costs and storage overhead.
Moreover, for authors with limited stylistic data,
this clustering mechanism allows them to benefit
from the shared parameters of stylistically simi-
lar authors, thereby enhancing generalization and
mitigating the data scarcity issue.

3.4 Data Construction

Many recent studies have demonstrated the strong
capabilities of LLMs in text style transfer(TST)
(Mukherjee et al., 2024). Building on this founda-
tion, we leverage LLMs to transform standard CQA
instances into CQSA (Context, Question, Stylized
Answer) instances that align with the target style
for each cluster.

For each corpus within the style cluster derived
from the style tree, we prompt LLM M to rewrite
the original answer—while preserving the factual
correctness of the response—into a form that con-
forms to the style of the target corpus. The detailed
prompts are presented in the Appendix.

Inspired by metric-based RL (Wang et al., 2025),
we apply metric-based constraints during data con-
struction to better align the model’s outputs with
the target stylistic expectations, while simultane-
ously reducing the likelihood of hallucinations.
Following previous works (Wang et al., 2025; Os-
theimer et al., 2024), we conduct automated eval-
uation on each CQSA instance using LLM M
across four key dimensions: Contextual Align-
ment (C-A), Question Relevance (Q-A), Stylistic
Strength (S—A) and Fluency, which is presented in
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the Appendix. We will further discuss these met-
rics in Section Metrics. We aggregate the scores
across these four metrics and select the top 10,000
CQSA instances as high-quality samples for subse-
quent style-specific parameter training.

3.5 Style-Enhanced DPO

Prior to this stage, we have obtained high-quality
CQSA instances for each style cluster to support
style-specific parameter training. In this step, we
adopt style-enhanced DPO (SeDPO) to train the pa-
rameters. Specifically, for a given style cluster, the
top 10,000 CQSA instances are used as chosen sam-
ples. We construct the corresponding rejected sam-
ple for each chosen sample by retrieving answers
to the same question with high stylistic similar-
ity—such as sibling nodes in the style tree—while
ensuring that these answers differ in a certain style
label. This construction aligns with the principle
of controlled variable experimentation: when the
negative sample shares most contextual and seman-
tic features with the positive sample, the model is
encouraged to focus more on the fine-grained stylis-
tic distinctions. Consequently, this training setup
facilitates more effective learning of style-specific
behaviors within each stylistic cluster.

We employ LoRA (Xu et al., 2024) as our fine-
tuning and parameter storage strategy. This design
enables each style cluster to be associated with an
independently trained set of low-rank adaptation pa-
rameters, which allows the model to encode style-
specific behaviors in a parameter-efficient manner,
enabling scalable and flexible deployment across a
wide range of stylistic clusters without the need to
train or deploy the full base model.

3.6 Online Inference

After training a set of style-specific parameters
for each style cluster, WeStar applies them dur-
ing online inference to deliver style-aware, context-
grounded responses at scale.

WeStar performs inference by jointly injecting
question-specific and style-specific knowledge into
the generation process. Specifically, question-
specific article segments are inserted into the input
prompt, providing contextual grounding. Simul-
taneously, style-specific LORA parameters corre-
sponding to the author’s style cluster are retrieved
and injected into the model’s parameter space. This
dual-injection strategy enables WeStar to generate
responses that are both contextually relevant and
stylistically aligned, while maintaining scalability

across a large number of public account authors.

4 Experiments

4.1 Experimental Settings
4.1.1 Dataset

To the best of our knowledge, there exists no public
dataset that simultaneously provides articles, user
queries, and large-scale stylized replies from mil-
lions of authors. Therefore, we directly evaluate
our method using proprietary data from a widely-
used, real-world industrial official accounts plat-
form, which contains multiple language corpora
such as Chinese, English, Japanese, etc. We de-
ployed the WeStar framework in this environment
and conducted evaluations across ten representa-
tive style clusters, constructed using the methodol-
ogy detailed in Section Style Tree Building. Each
cluster contains real user comments and the corre-
sponding author replies collected before July 2025,
serving as style reference for stylized question an-
swering. The contextual retrieval corpus consists
of all historical articles published by the authors
prior to the same date. To perform evaluation, we
constructed a test set of 2,000 instances using the
same methodology described in Section CQA Con-
struction and Section CQSA Construction. To
better simulate real-world deployment scenarios,
we further supplemented the test set with 3,000
user-generated information-seeking questions col-
lected from live interactions. In total, this dataset
comprises 5000 queries and will be further open-
sourced for the community.

4.1.2 Metrics

To ensure consistency and comparability, we em-
ploy the same four evaluation metrics as described
in Section Data Selection to assess model perfor-
mance. These metrics have been widely adopted
in previous studies (Ostheimer et al., 2024; Wang
et al., 2025): (1)Contextual Alignment (C-A): the
degree of semantic consistency between the gener-
ated answer and the retrieved context; (2)Question
Relevance (Q-A): the extent to which the answer
accurately addresses the core intent of the input
question; (3)Stylistic Strength (S—A): the degree
to which the answer adheres to the target stylis-
tic attributes; (4)Fluency: the grammaticality and
naturalness of the generated response.

To obtain consistent and scalable evaluations,
we employed DeepSeek-R1 (DeepSeek-Al et al.,
2025) to rate each output along the four dimensions,
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using standardized evaluation prompts. The exact
prompt formulations are provided in the Appendix.
In case of human evaluations, the annotators are
instructed to use the same criteria, as presented in
the Appendix.

4.1.3 Baselines

As discussed in the Introduction, stylized contex-
tual question answering in industrial settings—such
as official account platforms—requires a fully end-
to-end LLM pipeline. This constraint renders multi-
step or sequential prompting approaches infeasible
due to latency and system complexity. To the best
of our knowledge, there exists no prior method
capable of supporting scalable stylized contextual
question answering across millions of official ac-
count authors with distinct stylistic preferences.

To evaluate the effectiveness of WeStar under
this challenging setting, we compare it against five
baseline methods, covering diverse methodological
paradigms: (1) two prompting-based approaches,
(2) two SFT variants from WeStar, and (3) one
variant of DPO:

R1-Prompt. This baseline uses DeepSeek-
R1 (DeepSeek-Al et al., 2025). We construct the
prompt by combining the user’s question, retrieved
articles, style-exemplar author replies, and a sys-
tem instruction, enabling the model to generate a
context-grounded and style-aware answer. It repre-
sents the prompt-based paradigm, relying solely on
prompt engineering without fine-tuning.

SFT-Prompt(StyleChat). We leverage the state-
of-the-art technique StyleChat (Li et al., 2024b) as
the second baseline, named SFT-Prompt in this
paper, based on the Qwen3-32B model (Yang
et al., 2025). This setting represents the SFT-then-
prompting paradigm under similar model scale
constraints and serves as a strong baseline for eval-
uating methods that enhance LLMs via lightweight
supervised adaptation followed by prompting.

LoRA-SFT. Performs LoRA-based SFT on ran-
domly sampled CQSA per cluster.

LoRA-SFT-S. Same as LoRA-SFT but uses top-
ranked CQSA from metric-based selection.

WeStar,;ppo. Replaces our SeDPO with
metric-guided DPO (Wang et al., 2025) using base
LLM distillates as rejected samples.

4.1.4 Implementation Details

We adopt Qwen3-32B as the base language model.
Additionally DeepSeek-R1 is chosen as the the aux-
iliary LLM M throughout our framework. During

the CQA Construction phase, we prompt M to
generate 3 representative user roles for each offi-
cial account domain, and subsequently generate 3
domain-relevant questions per role to construct a
diverse question set. In the Style Tree Building
stage, we set the corpus size threshold k=100 to en-
sure sufficient stylistic representation in each node
before further partitioning. For Style-enhanced
DPO, we employ LoRA with a rank of 16 and
train for one epoch, enabling efficient parameter
adaptation for each style corpus while maintaining
training scalability.

4.2 Main Results

4.2.1 WeStar vs. Prompt-Based Methods

Figure 2 illustrates the comparative performance
between WeStar and prompt-based methods across
all four evaluation metrics mentioned above.
Specifically, the top-left, top-right, bottom-left, and
bottom-right subfigures respectively show the per-
cluster comparison results between WeStar, R1-
Prompt and SFT-Prompt along each metric. The
x-axis represents the identifiers of different style
corpus clusters, while the y-axis corresponds to the
metric scores achieved by each method on those
clusters. More detailed numerical results are pre-
sented in Table 1. The first column lists the style
corpus clusters and the associated evaluation met-
rics. Columns 2, 3, and 7 report the performance of
R1-Prompt, SFT-Prompt, and WeStar, respectively.

From the results, we observe that WeStar con-
sistently outperforms both prompting-based ap-
proaches on Q—A, C-A , and Fluency metrics on
average. This improvement stems from the lim-
itations of prompt-based methods when dealing
with long input sequences. These approaches in-
ject both the retrieved articles and the full style
corpus into the prompt, leading to significant con-
text length expansion, which in turn challenges the
LLM’s attention window. As a result, the model’s
ability to accurately comprehend and utilize the
injected information is weakened. For the Stylistic
Strength (S—A) metric, only R1-Prompt achieves
performance comparable to WeStar on average. We
attribute this to two main reasons: (1) Prompt-
based methods can flexibly incorporate the original
author’s entire style corpus directly into the prompt,
whereas WeStar utilizes corpora from style-similar
authors identified via the style tree; (2) The base
model used in R1-Prompt, DeepSeek-R1, contains
significantly more parameters than our base model,
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Figure 3: Results of WeStar vs. Variants of WeStar

Qwen3-32B, which may contribute to its stronger
stylistic generation performance. Consequently,
WeStar matches but does not surpass R1-Prompt
on the S—A dimension.

4.2.2 WeStar vs. Variants of WeStar

Figure 3 presents a comparative analysis of WeStar
and its three training variants: LoRA-SFT, LoRA-
SFT-S, and WeStar; p po—across all four evalua-
tion metrics. The detailed results can be found in
Table 1, where the 4th to 7th columns correspond to
the respective performances of LoORA-SFT, LoRA-
SFT-S, WeStar; ppo, and WeStar.

Among these, LORA-SFT underperforms the
other three methods across all metrics on average.
This is primarily due to the lack of metric-based
data filtering in its training phase. In contrast, the
remaining three approaches benefit from the metric-
based data selection pipeline, which ensures higher-
quality CQSA instances and leads to more accurate
style-aware and context-grounded responses.

Overall, WeStar achieves the best average per-
formance, outperforming both LoRA-SFT-S and
WeStary;ppo, except on the Q—A metric, where
WeStarysppo leads by a small margin of 0.01.
Across all four metrics, the performance differ-

ences among these three approaches remain rel-
atively small (average gap is smaller than 0.06), in-
dicating that data quality plays a major role, while
training objectives provide more fine-grained bene-
fits.

Notably, WeStar achieves the highest score
on the S—A (Stylistic Strength) metric, validat-
ing the effectiveness of using style-specific re-
jected samples during DPO training. In contrast,
WeStar s ppo shows slightly inferior performance
on S—A. A likely explanation is that its rejected
samples differ significantly from the chosen ones
across all four dimensions, allowing the model to
easily distinguish them and optimize logits with-
out focusing specifically on stylistic nuances. This
diluted objective may have weakened the model’s
ability to capture fine-grained stylistic preferences.

4.3 Online A/B Test

To validate real-world impact, we deployed WeStar
(with SeDPO) against WeStary;ppo in a live pro-
duction environment over 14 consecutive days, in-
volving millions of active users. The results are sta-
tistically significant at p < 0.01: WeStar achieves
a +0.42% lift in Daily Active Users (DAU) and
a +2.62% lift in average dialogue turns per user.
Although the offline metric gap between SeDPO
and MDPO appears modest (0.05 avg), these on-
line gains translate to millions of additional user
interactions, demonstrating that the stylistic fidelity
improvement from SeDPO yields substantial en-
gagement benefits at industrial scale.

4.4 Time Cost Analysis

We focus our runtime comparison on SFT-Prompt
and WeStar, as SFT-Prompt employs a comparable
backbone model. The average end-to-end inference
time per sample is 2.08s for WeStar vs. 2.47s for
SFT-Prompt, yielding a 1.19x speedup. Table 2
provides a per-component breakdown of WeStar’s
pipeline latency.

The bottleneck lies in LLM inference (82%),
while style tree lookup and LoRA loading intro-
duce negligible overhead (0.01s and 0.15s respec-
tively). In contrast, SFT-Prompt’s longer input
length—caused by injecting style-related tokens
into the prompt—imposes substantial decoding
overhead. This confirms the efficiency of parame-
terized style injection over prompt-based alterna-
tives.
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Table 1: Main Results

| Prompt-Based Methods |

SFT-Based Methods | DPO-Based Methods

Dataset & Metrics | R1-Prompt

SFT-Prompt | LORA-SFT LoRA-SFT-S | WeStary;ppo WeStar

cluster 0 Q-A 4.49 4.20 4.34 4.44 4.50 4.56
cluster 0 C-A 4.53 4.28 4.37 4.51 4.62 4.63
cluster 0 S-A 4.61 4.23 4.40 4.73 4.69 4.74
cluster 0 Fluency 4.87 4.78 491 491 4.96 4.92
cluster 1 Q-A 4.48 4.28 4.42 4.44 4.58 4.54
cluster 1 C-A 4.53 4.28 4.48 4.50 4.70 4.66
cluster 1 S-A 4.69 3.23 4.68 4.78 4.76 4.77
cluster 1 Fluency 4.87 4.65 4.92 4.90 4.90 4.89
cluster 2 Q-A 4.27 4.21 4.15 4.33 4.37 4.32
cluster 2 C-A 4.42 4.24 4.29 441 4.48 4.46
cluster 2 S-A 391 4.21 4.02 4.05 4.11 4.20
cluster 2 Fluency 4.63 4.82 4.77 4.71 4.75 4.78
cluster 3 Q-A 4.31 4.29 4.42 4.38 4.40 4.40
cluster 3 C-A 4.43 4.32 4.51 4.46 4.49 4.57
cluster 3 S-A 3.85 3.80 3.62 3.75 3.72 3.79
cluster 3 Fluency 4.64 4.60 4.58 4.59 4.56 4.67
Due to the space limit, we put the detailed results of other six clusters in the Appendix.
average Q-A 4.38 4.26 4.35 4.41 4.44 4.43
average C-A 4.45 4.30 4.43 4.49 4.52 4.55
average S-A 4.25 3.73 3.92 4.22 4.20 4.25
average Fluency 4.75 4.70 4.73 4.77 4.76 4.77

Bold indicates the best result; Underline indicates the second-best.

Component Time (s)
Article retrieval 0.21
Style tree lookup 0.01
LoRA loading 0.15
LLM inference 1.71
Total 2.08

Table 2: Per-component latency breakdown of WeStar.

4.5 Memory Analysis

In industrial deployment practices, we observed
that using fewer than 200 style clusters can effec-
tively characterize the stylistic features of millions
of official account authors. According to our exper-
imental setup, each cluster corresponds to approxi-
mately 0.2GB of parameter storage, with the total
storage overhead significantly lower than the space
occupied by the model itself. This additional stor-
age cost is entirely acceptable in industrial-scale
application scenarios.

4.6 Case Study

We present a case study in Figure 4, comparing
responses generated by WeStar and two prompt-
based methods for the same input question. The
question is designed to reference three article snip-
pets from an Official Account. To make the com-

Q: WTEEEARHNAFCHAGKIMER?
| WeStar: YR B IE SEHGEEE, T AIB0L K E FEME, BITH |
| PRAE ST E A . 8 T WARURITE SOF 50 E) |
AR, ML R IE R KA LR A e =

| SFT-Prompt: B ILLARMAHFHOREEI LI, HHTFEHAH,
T ORGSR RSB D, REAEKT TR |
| B SRR ZYFTRE e |

Figure 4: Cases of WeStar vs. Prompt-Based Methods

parison intuitive and reader-friendly, we choose
a stylistic exemplar from Chinese literature—the
fictional character Huang Rong (wikipedia, 2025)
from Jin Yong’s novels—as the target persona. Due
to space limits, we omit the referenced article snip-
pets and only display the opening portion of each
generated response. Phrases, words, or sentence
fragments that align with Huang’s style are under-
lined. As shown, WeStar produces responses that
more consistently reflect the target style. Notably,
the last sentence generated by WeStar showed
in Figure 4 omits the subject, which mirrors a
grammatical-level stylistic trait of Huang’s speech
patterns. In contrast, both prompt-based methods
underperform in stylistic consistency. This is likely
due to the injection of lengthy article segments
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into the prompt, which increases the context length
and challenges the model’s attention window. This
case highlights the effectiveness of WeStar’s pa-
rameterized style representation: by encoding style-
specific knowledge directly into the model’s param-
eter space, WeStar avoids the limitations imposed
by prompt size and better preserves target style
during generation.

4.7 Error Propagation Analysis

To understand how retrieval errors propagate, we
manually annotated 400 queries for context and
style retrieval correctness, then measured down-
stream metrics under each condition. Table 4.7
shows that context and style errors exhibit disjoint
propagation patterns: context failure alone col-
lapses C—A to 2.13 but preserves S—A (4.45); style
failure alone drops S—A to 3.11 but leaves C-A
intact (4.57). Fluency remains stable (~4.77-4.79),
indicating it is decoupled from retrieval quality.

C-A Q-A S-A

Both correct 455 443 426 4.77
Only context correct  4.57 443 3.11 4.79
Only style correct 2.13 444 445 4.77
Both incorrect 198 443 323 4.79

Condition Fluency

Table 3: Error propagation from context and style re-
trieval (n=400).

Detailed human evaluation results are provided
in Appendix 6.3.

5 Conclusion

In this work, we tackle the underexplored yet prac-
tical task of stylized contextual question answering
for official accounts, where responses must be both
style-aware and context-grounded at scale. Exist-
ing fine-tuning, CoT, and prompt-based methods
struggle with efficiency or scalability in industrial
settings. We propose WeStar, a lite-adaptive Al as-
sistant designed for millions of multi-style Official
Accounts. WeStar employs a dual-injection ap-
proach: it injects retrieved context into the prompt
and style-specific parameters into the model. It
builds high-quality training data through hierarchi-
cal style clustering, LLM-based stylized rewriting,
and metric-driven selection, and further enhances
stylistic alignment via Style-enhanced DPO. Ex-
periments on large-scale industrial data show that
WeStar outperforms strong baselines in contextual
relevance, style fidelity, and fluency—offering an

effective, scalable solution for real-world deploy-
ments.

Limitations

Data sufficiency. This framework assumes each
style cluster contains sufficient representative au-
thor data for robust LoRA training. For au-
thors with limited historical responses or under-
represented styles, the model may fail to reproduce
their stylistic nuances accurately. We alleviate this
via style clustering trees that ensure each category
has adequate corpus.

Input length constraint. While the dual-
injection design removes style corpus from the
prompt, the retrieved article context still occupies
the input window. For exceptionally long arti-
cles, the prompt length bottleneck remains, poten-
tially affecting generation quality. Standard mitiga-
tion strategies such as document summarization or
chunk selection can be applied and are orthogonal
to WeStar.

Reproducibility. Our evaluation is conducted
on a proprietary industrial dataset. Although we
will release an anonymized subset of 5,000 in-
stances covering 10 style clusters at https://
github.com/FxyQwQ/WeStar, the lack of an
established public benchmark limits reproducibility.
Additionally, we do not compare against closed-
source models (e.g., GPT-4) due to reproducibility
considerations.

Ethical considerations. The ability to mimic
an author’s style raises potential misuse concerns,
such as impersonation or generating misleading
content. In this work, we have taken a prelimi-
nary step to mitigate these risks by employing an
LLM-based filter to screen and remove offensive
content or personally identifiable information from
the training data. However, this filter may not be
exhaustive, and the model could still be prompted
to generate content that aligns with the learned
style but is factually inaccurate or ethically prob-
lematic. Future deployments should incorporate
more robust safeguards—such as style watermark-
ing, real-time content moderation, and clear user
consent mechanisms—to ensure responsible and
ethical use of the technology.

Style dimensionality. Our style representation
is built on 12 stylistic dimensions that capture the
majority of salient variance (>90% via PCA) with
low inter-dimension redundancy. However, this set
may not exhaustively cover all aspects of style.
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6 Appendix
6.1 Prompt

In this section, we outline the exact prompts for all
experiments related to WeStar.

* forward-thinking question generation: Figure
5.

* bottom-up user role generation: Figure 6.
* bottom-up question generation: Figure 7.
* answer generation: Figure 8.

* style labeling: Figure 9.

* stylized answer rewriting: Figure 10.

* answer evaluation: Figure 11.

* generation for prompt-based methods: Figure
12.

6.2 Full Table

In this section, we show the detailed results of all
10 style clusters in Table 4.

6.3 Human Evaluation

To validate the reliability of our LLM-as-a-judge
metrics, we conducted a comprehensive human
evaluation study.

Multi-judge agreement. To ensure our con-
clusions are not dependent on any single LLM
judge, we employ three SOTA models—Qwen3-
235B, DeepSeek-R1, and DeepSeek-V3—as in-
dependent evaluators. For each judge, we com-
pute performance differences between every base-
line and WeStar, then apply Wilcoxon signed-rank
tests across all baseline—method pairs. All p-values
fall below 0.05, confirming statistically significant
agreement in method rankings across judges.

Annotation Setup. Three expert annotators
(with backgrounds in computational linguistics and
Al product management) evaluated n=200 ran-
domly sampled instances (40 per cluster from 5
clusters) along the same four dimensions used for
automatic evaluation: Contextual Alignment (C—
A), Question Relevance (Q—A), Stylistic Strength
(S—A), and Fluency. Each dimension was scored on
a 1-5 Likert scale. The inter-annotator agreement
measured by Fleiss” Kappa reaches 0.74 (substan-
tial).

Table 6.3 reports the mean human evaluation
scores, which confirm the same ranking observed

in automatic evaluations: WeStar leads across all
metrics.

Method C-A Q-A S-A Fluency
R1-Prompt 442 442 438 4.72
SFT-Prompt 421 4.18 3.89 4.65
WeStar 458 447 4.52 4.81

Table 5: Human evaluation results (mean scores, 1-5
scale, n=200).

Correlation with LLLM judges. We calculated
the Spearman rank correlation coefficient between
the human ratings and the corresponding LLM-as-
a-judge scores. The correlation is p=0.81 (p <
0.01), indicating a statistically significant positive
correlation and supporting the consistency of our
automated metrics.

Qualitative disagreement analysis. Qualita-
tive analysis of disagreements between human
and LLM judgments reveals two primary patterns:
(1) subtle stylistic nuances (e.g., author-specific
sentence-level habits) are occasionally missed by
LLMs, accounting for 12.5% of divergent cases; (2)
LLMs tend to penalize minor factual inconsisten-
cies that human annotators deem acceptable, rep-
resenting 8.0% of disagreements. These findings
suggest that while LLM-based evaluation serves as
a reliable scalable proxy, human judgment remains
indispensable for capturing fine-grained stylistic
distinctions.
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forward-thinking question generation

System: You are an expert generator of data.

You are a research scientist. You want to make data to train a context question answering system.

Generate a question from these given articles:
{COLLECTION_OF_ARTICLES}

Answer in the following format:
Question:<Question>

Figure 5: Prompt Used for Forward-Thinking Question Generation

bottom-up user role generation

System: You are an expert role generator.

You are a research scientist. You want to create data to simulate user questions for a WeChat Official
Account assistant.

Generate {K} possible user roles who might ask questions based on the following WeChat Official
Account domain:
Domain: {WECHAT_ACCOUNT_DOMAIN}

Answer in the following format:
Roles:<Role 1>, <Role 2>, ..., <Role {K}>

Figure 6: Prompt Used for Bottom-Up User Role Generation

bottom-up user question generation

System: You are an expert question generator.

You are a research scientist. You want to create data to simulate realistic user questions for a WeChat
Official Account assistant.

Given a WeChat Official Account domain and a list of user roles, generate one representative question
for each role. Each question should reflect the interests, needs, or concerns of the role within the
context of the given domain.

Domain: {WECHAT_ACCOUNT_DOMAIN}

Roles: <Role 1>, <Role 2>, ..., <Role {K}>

Answer in the following format:
Questions:

<Role 1>: <Question 1>

<Role 2>: <Question 2>

<Role {K}>: <Question 10>

Figure 7: Prompt Used for Bottom-Up User Question Generation
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answer generation

System: You are an expert generator of data.

You are a research scientist. You want to make data to train a context question answering system.

Generate an answer to the question strictly based on the information provided in the following articles.
Do not use any external knowledge or assumptions. Only include information that is explicitly stated
or can be directly inferred from the articles.

Articles: { COLLECTION_OF_ARTICLES}

Question: {QUESTION}

Answer in the following format:
Answer:<Answer>

Figure 8: Prompt Used for Answer Generation

style labeling

System: You are an expert style annotator.

You are a research scientist. You want to label the stylistic attributes of author replies on a WeChat
Official Account.

Given a user comment and a corresponding author reply, assign style labels to the reply based on the
specified style dimensions and their candidate labels. Your labeling should consider the content, tone,
and intention of the author reply in the context of the user comment.

Style Dimensions and Candidate Labels:
{DIMENSION_1}: {LABEL_A, LABEL_B, ...}
{DIMENSION_2}: {LABEL_C, LABEL_D, ...}

Input Pair:
User Comment: {COMMENT}
Author Reply: {REPLY}

Answer in the following format:
{DIMENSION_1}: <LABEL>
{DIMENSION_2}: <LABEL>

Figure 9: Prompt Used for Style Labeling
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stylized answer rewriting

System: You are an expert in answer rewriting.

You are a research scientist. You want to rewrite a factual answer in the style of a specific author, for
use in a WeChat Official Account assistant.

You are given:
* A set of articles providing context.
* A user question.
¢ A factual answer to the question.
* An author’s style profile (multi-dimensional style labels).
* Several example user-comment and author-reply pairs written in the same author’s style.

Your task is to rewrite the answer so that it matches the author’s style, based on both the style labels and
the example pairs. You may rephrase, restructure, or add stylistic elements, but you must **preserve
the factual content** from the original answer.

Input:

Articles: { COLLECTION_OF_ARTICLES}
Question: {QUESTION}

Answer: {ANSWER}

Author Style Labels:

{DIMENSION_1}: {LABEL_1}
{DIMENSION_2}: {LABEL_2}

Style Examples:

User: {EXAMPLE_QUESTION_1}
Author: {EXAMPLE_REPLY_1}
User: {EXAMPLE_QUESTION_2}
Author: {EXAMPLE_REPLY_2}

Answer in the following format:
Stylized_Answer:<Your rewritten answer here>

Figure 10: Prompt Used for Stylized Answer Rewriting
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answer evaluation

System: You are an expert in evaluation.

You are a research scientist. You want to evaluate a stylized answer generated for a WeChat Official
Account assistant.

You are given: Articles (context), a user question , a stylized answer , author’s style profile (multi-
dimensional labels) , and several example replies by the same author.

Evaluate the answer on four dimensions, each from 1 (poor) to 5 (excellent), using the criteria below:
1. Contextual Alignment

1 — Unrelated or wrong

2 — Partly relevant, key errors

3 — Basically right, some key points missing

4 — Accurate, covers main ideas

5 — Fully accurate, detailed, article-grounded

2. Question Relevance

1 — Off-topic or misinterprets

2 — General match, vague or weak support

3 — Covers some points, misses key ones

4 — Covers most points clearly

5 — Fully answers with structure and detail

3. Stylistic Strength

1 — No style match

2 — Scattered style traits only

3 — Style theme clear, but inconsistent details

4 — Style is coherent and consistent

5 — Fully matches the intended style

4. Fluency

1 — Serious grammar issues

2 — Awkward, hard to follow in parts

3 — Mostly smooth, minor awkwardness

4 — Natural, few issues

5 — Very fluent and native-like

Input:

Articles: { COLLECTION_OF_ARTICLES}

Question: {QUESTION}

Stylized_Answer: {STYLIZED_ANSWER}

Author Style Profile: {STYLE_DIMENSION_1: LABEL, STYLE_DIMENSION_2: LABEL, ...}
Author Reply Examples:

User: {EXAMPLE_QUESTION_1}

Author: {EXAMPLE_REPLY_1}

User: {EXAMPLE_QUESTION_2}

Author: {EXAMPLE_REPLY_2}

Answer in the following format:
Scores:

Contextual Alignment: <1-5>
Question Relevance: <1-5>
Stylistic Strength: <1-5>
Fluency: <1-5>

Figure 11: Prompt used for answer evaluation
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generation for prompt-based methods

System: You are an expert stylized response generator.

You are a research scientist. You want to generate a stylized answer for a WeChat Official Account
assistant that matches a specific author’s writing style.

You are given:
* A set of articles providing context
* A user question
* The author’s style profile (multi-dimensional labels)
* A few example replies from this author

Use the author style profile and examples to infer the tone, structure, emotion, and linguistic patterns
preferred by the author. Then, write a response that:

* Accurately reflects the content from the articles
* Directly answers the user’s question
* Strongly aligns with the author’s style

* Is fluent and natural-sounding

Input:

Articles: { COLLECTION_OF_ARTICLES}

Question: {QUESTION}

Author Style Profile: {STYLE_DIMENSION_1: LABEL, STYLE_DIMENSION_2: LABEL, ...}
Author Reply Examples:

User: {EXAMPLE_QUESTION_1}

Author: {EXAMPLE_REPLY_1}

User: {EXAMPLE_QUESTION_2}

Author: {EXAMPLE_REPLY_2}

Output Format:
Stylized_Answer: <Your generated answer here>

Figure 12: Prompt Used for Generation in Prompt-Based Methods
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Table 4: Full Results
| Prompt-Based Methods | SFT-Based Methods | DPO-Based Methods

Dataset & Metrics | R1-Prompt  SFT-Prompt | LORA-SFT LoRA-SFT-S | WeStary;ppo WeStar

cluster 0 Q-A 4.49 4.20 4.34 4.44 4.50 4.56
cluster 0 C-A 4.53 4.28 4.37 4.51 4.62 4.63
cluster 0 S-A 4.61 4.23 4.40 4.73 4.69 4.74
cluster O Fluency 4.87 478 491 491 4.96 4.92
cluster 1 Q-A 4.48 4.28 4.42 4.44 4.58 4.54
cluster 1 C-A 4.53 4.28 4.48 4.50 4.70 4.66
cluster 1 S-A 4.69 3.23 4.68 4.78 4.76 4.77
cluster 1 Fluency 4.87 4.65 4.92 4.90 4.90 4.89
cluster 2 Q-A 4.27 4.21 4.15 4.33 4.37 4.32
cluster 2 C-A 4.42 4.24 4.29 4.41 4.48 4.46
cluster 2 S-A 3.91 4.21 4.02 4.05 4.11 4.20
cluster 2 Fluency 4.63 4.82 4.77 471 4.75 4.78
cluster 3 Q-A 4.31 4.29 4.42 4.38 4.40 4.40
cluster 3 C-A 4.43 4.32 4.51 4.46 4.49 4.57
cluster 3 S-A 3.85 3.80 3.62 3.75 3.72 3.79
cluster 3 Fluency 4.64 4.60 4.58 4.59 4.56 4.67
cluster 4 Q-A 4.37 4.20 4.26 4.41 4.40 4.27
cluster 4 C-A 4.40 4.23 4.34 4.47 4.49 4.39
cluster 4 S-A 4.63 3.08 3.11 4.83 4.75 4.81
cluster 4 Fluency 4.83 4.59 4.65 4.91 4.87 4.88
cluster 5 Q-A 4.42 4.23 4.28 4.51 4.45 4.48
cluster 5 C-A 4.50 4.31 4.34 4.62 4.47 4.52
cluster 5 S-A 4.47 3.53 4.08 4.62 4.58 4.60
cluster 5 Fluency 4.85 4.73 478 491 4.92 4.93
cluster 6 Q-A 4.32 4.30 4.39 4.46 4.37 4.44
cluster 6 C-A 4.38 4.30 4.54 4.51 4.43 4.66
cluster 6 S-A 3.99 4.02 3.65 3.65 3.79 3.81
cluster 6 Fluency 4.71 4.72 4.62 4.64 4.60 4.62
cluster 7 Q-A 4.48 4.35 4.41 4.42 4.50 4.44
cluster 7 C-A 4.56 4.38 4.50 4.44 4.53 4.51
cluster 7 S-A 4.57 3.37 4.37 4.54 4.36 4.39
cluster 7 Fluency 4.86 4.74 4.77 4.86 4.81 4.79
cluster 8 Q-A 4.36 4.31 4.39 4.35 4.38 4.51
cluster 8 C-A 4.42 4.36 4.45 4.47 4.45 4.58
cluster 8 S-A 4.02 3.94 3.82 3.75 3.69 3.78
cluster 8 Fluency 4.65 4.69 4.65 4.65 4.57 4.64
cluster 9 Q-A 4.30 4.26 4.40 4.40 4.46 4.38
cluster 9 C-A 4.37 4.30 4.50 4.54 4.53 4.56
cluster 9 S-A 3.73 3.90 341 3.47 3.50 3.64
cluster 9 Fluency 4.54 4.72 4.62 4.64 4.63 4.57
average Q-A 4.38 4.26 4.35 4.41 4.44 4.43
average C-A 4.45 4.30 4.43 4.49 4.52 4.55
average S-A 4.25 3.73 3.92 4.22 4.20 4.25
average Fluency 4.75 4.70 4.73 4.77 4.76 4.77

Bold indicates the best result; Underline indicates the second-best.
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