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Abstract

Text style transfer (TST) modifies a source
sentence to match a target style while preserv-
ing its semantics. While existing models per-
form well on simple styles like sentiment and
formality, they struggle with complex, entan-
gled styles such as poetry and brand-specific
tones, which require advanced operations to
disentangle content and style. We propose a
multi-agent self-check framework that contains
a large language model (LLM) as a planner
for disentangling subtasks and expert agents
for executing the subtasks. This training-free
multi-agent framework decomposes TST into
manageable components, enabling iterative re-
finement through a self-check module that bal-
ances style adherence and content preservation.
Experiments on both simple and complex style
datasets show our framework significantly im-
proves style strength and content preservation,
with strong adaptability in few-shot settings.

1 Introduction

The text style transfer (TST) task aims to modify a
source sentence to match a target style while pre-
serving its original semantics. This task is essential
for making NLP applications more user-centered
and is widely applied in areas such as dialogue sys-
tems (Liet al., 2016; Kim et al., 2019; Firdaus et al.,
2023; Chang et al., 2024; Yuan et al., 2024; Liu
et al., 2023), writing assistants (Johnstone, 2009;
Ashok et al., 2013), text debiasing (Clark et al.,
2018; Nogueira dos Santos et al., 2018; Chuang
et al., 2025), and online healthcare systems (Nee-
ley et al., 2025; Wang et al., 2024b). TST mod-
els can handle a diverse range of styles, such as
sentiment (He and McAuley, 2016; Shen et al.,
2017), formality (Rao and Tetreault, 2018), Shake-
spearean (Xu et al., 2012), and beyond.

Existing approaches (Dai et al., 2019; Han et al.,
2023, 2024) have achieved promising results on
simple style transfer benchmarks such as senti-
ment (He and McAuley, 2016), where stylistic

GYAFC-Style
94.11

GYAFC-Content 2473
Yelp-Content

—— Ours
—e— GPT-3.5
—e— CRF

CDS-Style

CDS-Content Shakespeare-Content

Shakespeare-Style

Figure 1: The radar graph of the performance of our
framework on both simple and complex styles, showcas-
ing accuracy in content preservation and style strength.

attributes are well-defined and can be modified
with minimal fixed edits. However, these meth-
ods struggle with complex styles—such as poetry,
biblical language, or brand-specific tones—which
require broader lexical and structural transforma-
tions, necessitating more flexible and adaptive edits,
as shown in Figure 3. Such style transfer is par-
ticularly challenging due to the entanglement of
style and content within sentences: a single token
often carries both semantic and stylistic meaning,
so applying fixed edits focused solely on style can
result in the loss of essential information from the
original sentence.

Several efforts have been made to tackle complex
style transfer. Some traditional methods (Liu et al.,
2021; Li et al., 2020) rely on predefined stylistic
rules or attribute templates, but these approaches
require extensive manual effort and are difficult to
generalize. Meanwhile, some LLM-based meth-
ods (Dai et al., 2019; Han et al., 2023, 2024) devise
specific loss functions to control the output, and
the most recent work (Han et al., 2024) leverages
disentangled data generation to enhance the train-
ing process. Nonetheless, these methods rely on
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single-step generation, which limits their ability
to balance style strength and content preservation.
When style and content are entangled, enforcing a
strong stylistic transformation in a single step of-
ten results in semantic drift, as the model lacks the
capacity to iteratively adjust and refine the output.

We suggest that decomposition can help address
these limitations by breaking the complex style
transfer task into a sequence of simpler subtasks.
Some subtasks focus on stylistic transformation,
while others concentrate on content preservation.
This separation enables more fine-grained control
and reduces interference between style and mean-
ing. However, applying decomposition to text style
transfer raises two key questions: (1) How can
we automatically decompose style and content for
a new target style without strong supervision sig-
nals? and (2) How can we coordinate the subtasks
to avoid conflicts and maintain a balance between
style strength and content preservation?

To address these challenges, we propose a multi-
agent self-check framework that decomposes the
style transfer task into subtasks coordinated by a
large language model (LLM) planner and executed
by multiple expert agents. The training-free plan-
ner automatically generates both a subtask plan
and an interaction plan, specifying the roles of in-
dividual agents and how they communicate. Each
subtask is handled by an LLM acting as an expert
agent. These agents are interconnected based on
the planner’s instructions and collaborate through
a self-check module, which monitors their outputs
for consistency. This module iteratively evaluates
content preservation while ensuring that stylistic
goals are met, reducing conflicts between agents
and improving the overall coherence of the output.

Our experiments cover both simple TST datasets
(Yelp (Shen et al., 2017) and GYAFC (Rao and
Tetreault, 2018)) and complex, entangled style
datasets (CDS (Krishna et al., 2020) and Shake-
speare (Xu et al., 2012)). Leveraging a multi-agent
self-check strategy powered by LLMs, our frame-
work achieves substantial improvements in both
style strength and content preservation. Specifi-
cally, on the most challenging CDS dataset, we
observe a 2.8% increase in style strength and a
4.4% improvement in content preservation. Fur-
thermore, as a training-free method, our framework
shows strong adaptability to diverse styles, even in
challenging few-shot scenarios.

In summary, our contributions are as follows:

* We introduce an automatically decoupled
multi-agent framework for tackling complex,
entangled style transfer.

* We incorporate a self-check strategy that en-
ables iterative refinement by each agent, bal-
ancing style strength and content preservation.

* We conduct extensive experiments showing
that our framework not only improves style
transfer performance on both simple and com-
plex styles but also adapts effectively to di-
verse styles with only a few example samples.

2 Related Work

Traditional Methods. Traditional approaches to
text style transfer have primarily focused on sim-
ple style transfer tasks, some approaches (Willams,
1992; Jang et al., 2022; Luo et al.) propose
style-oriented losses, and some approaches (Fu
et al., 2018; Romanov et al., 2019; Tikhonov et al.,
2019) leverage an attribute classifier on represen-
tations. Recently, StyleTrans (Dai et al., 2019),
RACOLN (Han et al., 2023), and DIRR (Liu et al.,
2021) have achieve promising result on sentiment
transfer. StyleTrans employs style embeddings and
incorporates three specific loss functions to pro-
vide supervision signals for effective style trans-
formation. DIRR adopts a reinforcement learning
approach, using a semantic similarity metric as a re-
ward to preserve content during training. RACoLN
leverages a reverse attention mechanism to implic-
itly remove style tokens while integrating content
information into style representations through con-
ditional layer normalization. However, it is impor-
tant to note that these traditional methods depend
on labeled training data for model development,
limiting their adaptability. Our comparisons with
these methods primarily focus on tasks involving
simple style transfer.

Generation Based Methods with LLM. In con-
trast, LLM-based methods have begun to leverage
LLMs to achieve competitive performance on com-
plex style transfer tasks (Wang et al., 2024a). For
instance, DisenTrans (Han et al., 2024) introduces
a disentangled CoT prompting mechanism to syn-
thesize parallel data along with corresponding at-
tribute components for supervision. The model
design two custom loss functions to enhance at-
tention to attribute properties and constrain the se-
mantic space, resulting in improved performance
on more intricate style transfer tasks (Luo et al.,
2025). However, despite leveraging the concept of
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Corpus

When round the tinkler prest her,

For on a silken couch of rosy pride,
Whene'er you look on it, 'tis plain

The life she ad so tangled in her mesh:
Dismissed, again on open day I gazed,

€ ICL Planner

Subtask Plan

1. Identify the Core Message: the sentence,
2. Choose the structure: for the poetry,....
3. Rephrase for the flow: polish the ...

. Interaction Plan
} Rephrase Agent & Core Message Agent

@ Self Check Ifnteraction

Origin Sentence: There's an Core Choose Styled Sentence: Across the street,

: Rephrase | :
apple tree across the street, and —>| Message Structure Agent %% apple tree does stand, Its apples,
the apples on it are so great. : Agent Agent gen . | oh so great, do grace the land.

Figure 2: Overview of Our Multi-Agent Self-Check Framework. We first leverage a planner to decompose the
entangled styles by generating both a subtask plan and an interaction plan (Step 1), then we assigns LLMs as agents
to manage each subtasks and leverage self-check strategy to avoid conflict caused by entanglement (Step 2).

disentanglement, it employs a single-step genera-
tion process, which can result in conflicts between
style strength and content preservation during gen-
eration.

3 Preliminary

Given a set of styles S = {si,s92,...,5,} and a
corpus D = {(x;;, s;) }, where z;; is a natural sen-
tence and st is its corresponding style label. The
text style transfer task is to acquire a model M
which takes a natural language sentence = along
with a desired style s € S as input, and then gener-
ates a new sentence z_ that aligns with the desired
style s while maintaining the semantic information
of the original input sentence x. To be noted, our
proposed framework is training-free, requiring only
a small corpus D with some example sentences for
the target style, therefore, no parallel training data
is needed in our framework.

Entangled Styles. A sentence can be stylistically
transformed through atomic lexical edits, such as
adding, removing, or replacing individual words.
We categorize styles into simple and complex en-
tangled based on the nature and extent of these
changes. Simple styles can typically be transferred
using a small number of fixed edits—often fewer
than three per sentence. In contrast, complex en-
tangled styles require more substantial transforma-
tions, including sentence restructuring and multiple
coordinated edits, often exceeding three modifica-
tions per sentence and involving more diverse types
of edits. While our work primarily focuses on com-
plex entangled styles, the proposed framework is

Simple Style: Pos-> Neg -------

Origin Sentence: The apples on it are so great.

v
Target Sentence: The apples on it are so bad.

Origin Sentence: The apples on it are so great.

4
Target Sentence: Its apples, oh so great, do grace the land.

Figure 3: Illustration of Sentence Transfer Examples for
Simple and Complex Entangled Styles.

broadly applicable to a range of style transfer tasks.

4 Approach

We introduce a multi-agent self-check framework
designed for entangled text style transfer tasks. The
framework employs an LLM as a planner (Section
3.1) to generate style transfer plans and assigns
expert LLM agents (Section 3.2) to execute each
subtask, all powered by GPT-3.5. As illustrated
in Figure 2, given an input sentence and a target
style, the planner produces both subtask and in-
teraction plans, decomposing the entangled style
transfer into simpler, manageable steps. Each sub-
task agent operates sequentially according to the
plan and is interconnected through a self-check
module, which ensures consistency and prevents
conflicts across subtasks. This process is recursive,
as the framework iteratively coordinates the agents
to address each subtask, ensuring that the final out-
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You will be provided with a style name and a set of example
sentences in that style. Your task is to analyze the examples and
create an abstract plan within 5 steps for transforming a given
sentence into the specified style. The plan should outline key stylistic
characteristics, such as tone, vocabulary, sentence structure, and any
specific patterns or rules observed in the examples. Following the
examples, the plan should be a general guideline for style transfer.

Style: Poetry

Styled Sentence Examples: When round the tinkler prest her,; For
on a silken couch of rosy pride,---

Plan: 1. Identify the Core Message,... 2. Choose the structure,... 3.
Rephrase for the flow,...

Interaction plan: Core Message Agent & Rephrase Agent

Style: Shakespeare [s]

Styled Sentence Examples: Now , you lie there on the path .; She
said if she were interested in someone , it would be someone who
looked like me .; ... [D]

Plan:

Interaction plan:

=J

Plan for Transforming a Sentence into the Shakespearean Style:

1. Capture the Core Idea:... 2. Use Elizabethan Syntax:... 3. Adopt
Shakespearean Vocabulary:... 4. Incorporate Dramatic and Reflective
Tone:... 5. Balance Rhythm and Flow:...

Interaction plan: Core Idea Agent & Vocabulary Agent

Figure 4: Illustration of prompting LLM to generate
subtask plan with in-context learning.

put adheres to the target style while preserving the
original meaning.

4.1 LLM as a Planner

The goal of the planner is to decompose complex
entangled style transfer tasks into subtasks that can
each be addressed through a small number of lexi-
cal or structural edits. To achieve this, we prompt
the LLM to generate a concise yet comprehensive
plan consisting of a few key steps.

Formally, given an input sentence x and a target
style s; € S, along with a set of example sen-
tences Dy = {x;; | (245,s:) € D}, we construct
a prompt P that includes a human-written instruc-
tion, the textual description of s;, and examples
from Dy, as shown in the upper part of Figure 4.
Using this prompt and in-context learning exam-
ples, we query the LLM and treat its output O as
the high-level plan for style transfer. We then parse
the output into two components based on its for-
mat: the subtask plan O, and the interaction plan
Ointeract- The planner generates distinct subtask
plans for different target styles, as different styles
require attention to different aspects of the input.
For example, transferring to a poetic style may em-
phasize syntactic restructuring, while transferring
to a Shakespearean style may prioritize lyrical and
expressive phrasing.

Origin Sentence: There's an apple tree across the street, and the apples on
it are so great.

Core: The apples on the tree across the street are great.

Structure: ABAB

l Qutput: Across the street,
Check .an apple tree does stand, :
Rephrase Core »Its apples, oh so great, do >
Agent Message ‘grace the land. :
Update Answer Output: Across the way,

an apple tree does stand,
Its fruits, so fine, the best
in all the land.

The core information has changed,
the origin sentence emphasizes the
quality of the apples, while the gen-
erated emphasizes the superiority
of the fruits from the tree.

Figure 5: Illustration of Self-Check Interaction.

We retain only outputs that meet the expected
format: : O must consist of two paragraphs, with
the first beginning with “Plan” and the second with
“Interaction Plan.” The subtask plan O, must
contain k paragraphs (where 3 < k < 5), with each
paragraph representing a distinct subtask. If the
output does not match this format, we regenerate
it until a valid plan is obtained. We opt for shorter
plans, as plans with too many steps are likely to
cascading errors caused by incorrect assumptions
or overly rigid decomposition.

4.2 Multi-agent Framework

Given the planner’s output Oy, = D1D5 ... Dy,
we extract subtask names and descriptions to con-
struct prompt hints for each subtask. Specifically,
we treat the title of each paragraph as the subtask
name D% and the accompanying text as the
subtask description Dgese,

For each identified subtask, we assign a powerful
LLM as an expert agent, resulting in k agents for
k subtasks. For each agent Agent; corresponding
to subtask D;, we generate the following prompt
template:

“You are an expert in D}**¢. Given the orig-
inal sentence and the target style, please transfer
the sentence according to Dfle“, using only the
information provided below.”

Subtasks are executed sequentially in the order
specified by the planner. Each agent receives three
inputs: (1) the prompt hint specific to its subtask,
(2) the original sentence, and (3) the outputs of all
preceding agents. This pipeline ensures that each
LLM expert focuses on its designated task while
building on prior outputs, maintaining consistency
with the planner’s overall structure and objectives.

Self-Check Interaction. Given the subtask plan
and an expert agent for each subtask, a natural ap-
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proach is to execute these agents sequentially in a
step-by-step manner. However, this naive pipeline
can lead to conflicts between agents. For example,
a stylistic refinement agent might modify a token
or phrase to enhance the sentence’s style, then a
subsequent content-preservation agent may revert
that modification in an effort to maintain the orig-
inal semantics, rendering the stylistic refinement
ineffective.

To address this issue, we introduce a self-check
interaction module, illustrated in Figure 5. Based
on the interaction plan O;pterqct generated by the
planner, we extract a set of interaction tuples:

glter _ { (Ti, T}, Diljter) }

where T; and T} denote the interacting subtasks,
and D{JM specifies the interaction protocol be-
tween them. For each tuple, we instantiate an
interaction model LLMint” to manage the coor-
dination.

During execution, if a subtask 7; appears in the
interaction plan (i.e., 3k | (T;,T;) € STtr), we
activate the self-check module to ensure proper
coordination between 7; and T};.

The self-check module operates as follows: (i)
Intermediate Result Generation: Given the current
input, the module first calls the agent responsible
for T; to produce an intermediate output. (ii) Con-
flict Detection: The interaction model LLMZ-Ijte’"
then evaluates whether the output of T; conflicts
with the requirements or expectations of 7. If
a conflict is detected, the self-check module uses
LLMint” to revise the output and feeds the cor-
rected version back to T;. This revision process is
repeated recursively until no conflict is detected or
a maximum of five iterations is reached. Figure 5
illustrates an example step in the control flow of
the self-check interaction process.

S Experiment

In this section, we present the empirical evaluation
of our proposed multi-agent framework. We be-
gin by introducing the evaluation metrics, datasets,
baselines, and experimental setups. Next, we
present the main results, followed by a detailed
ablation analysis.

5.1 Experimental Setting

Datasets. We evaluate our framework on both sim-
ple and complex style datasets. For simple styles,

we use the GYAFC(Rao and Tetreault, 2018), a par-
allel formal/informal corpus from Yahoo Answers,
and the Yelp(Shen et al., 2017) dataset, a non-
parallel sentiment-labeled review corpus. For com-
plex styles, we use the CDS(Krishna et al., 2020),
a non-parallel dataset with 11 diverse styles (e.g.,
poetry, Biblical), and the Shakespeare(Xu et al.,
2012) dataset, a parallel corpus translating modern
to Shakespearean English. Since CDS lacks sen-
tence pairs, we use it only for style strength and
content preservation evaluation.

Evaluation Metrics. We adopt automatic eval-
uation to assess the effectiveness of our method,
focusing on two widely used criteria in style trans-
fer: style transfer strength and content preservation
accuracy, following prior work (Xiao et al., 2021).

Style Transfer Strength This metric evaluates
whether the generated sentence successfully adopts
the target style and measures the degree of stylis-
tic transformation. For sentiment style, we fol-
low (Xiao et al., 2021) and use a fine-tuned
SBERT (Reimers, 2019) model for sentiment clas-
sification to compute style accuracy. For formal-
ity and complex styles, we train a classification
model based on a fine-tuned RoBERTa-Large (Liu,
2019) to assess style transfer. For the CDS dataset,
which lacks parallel data, we construct a binary
classification dataset to train the evaluation model.
Specifically, we sample neutral sentences from
Wikipedia (Vrandeci¢ and Kroétzsch, 2014) as neg-
ative examples and use CDS sentences as positive
examples. This setup enables the classifier to dis-
tinguish styled text from neutral text and provides
a proxy for evaluating style accuracy.

Content Preservation Accuracy This metric
evaluates how well the generated sentence pre-
serves the original meaning while adapting to
the target style. We use three evaluation metrics
for this purpose. First, we employ a pre-trained
SBERT (Reimers, 2019) model to compute the se-
mantic similarity between the original and gen-
erated sentences. Second, for datasets with par-
allel references, we calculate BLEU scores (Pa-
pineni et al., 2002) using the Natural Language
Toolkit (Bird et al., 2009), including both Self-
BLEU (measuring similarity between the generated
output and the input) and Ref-BLEU (measuring
similarity to the ground-truth reference). The final
content preservation score is computed as the av-
erage of the SBERT score, Self-BLEU score, and
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Ref-BLEU score.

Baselines. We evaluate several state-of-the-art
TST methods, including both traditional ap-
proaches—primarily designed for simple style
transfer—and recent LLM-based methods that
leverage large language models to achieve com-
petitive performance on complex style transfer
tasks. For traditional baselines, we include Style-
Trans (Dai et al., 2019), RACoLN (Han et al.,
2023), and DIRR (Liu et al., 2021), which have
demonstrated strong performance on standard TST
benchmarks, such as sentiment transfer. It is impor-
tant to note that these traditional methods rely on
supervised training with parallel data and can only
be evaluated on simple style transfer tasks.

For LLM-based methods, we first compare our
approach with the raw GPT-3.5 (OpenAl, 2024),
used via simple prompting. GPT-3.5 also serves
as the base model for our framework. Addition-
ally, we compare our method with DisenTrans (Han
et al., 2024), which leverages LLMs by introducing
a disentangled Chain-of-Thought prompting strat-
egy to synthesize parallel data with corresponding
attribute components for supervised training.

Implementation Details. We use GPT-3.5-
turbo (OpenAl, 2024) for both the planner and
subtask agents. For each dataset, 10 target style
examples are randomly selected—preferably from
the training set, or from the test set (e.g., CDS)
with no evaluation overlap. Planner prompts are
manually crafted, while subtask agent prompts are
auto-generated from the planner’s output.

5.2 Overall Result

The automatic evaluation results are presented
in Table 1. Our framework demonstrates com-
petitive overall performance compared to both
state-of-the-art traditional baseline methods and
LLM-based approaches. Specifically, our proposed
method outperforms on complex styles, achieving
higher average scores for CDS (style +2.8%, con-
tent +4.4%) and Shakespeare(style +4.3%, content
+0.3%). It also delivers comparable results on sim-
ple style tasks, with strong performance on Yelp
(style +1.4%, content +0.5%) and GYAFC bench-
marks(content +3.1%).

Our training-free approach can surpass tra-
ditional fine-tuned methods on both complex
and simple styles. Outperforming SOTA methods
including StyleTrans, RACoLN, and DIRR, high-
lights the effectiveness of large language models in

text style transfer tasks. The superior performance
of our method can be attributed to the stronger un-
derstanding and generalization capabilities of large
language models compared to smaller ones, like
BERT (Devlin et al., 2019). Furthermore, unlike
these traditional methods, which require complex
training processes and large datasets, our approach
is training-free, making it significantly more effi-
cient and easier to use for inference.

Our method also outperforms LLM-based ap-
proaches, particularly on complex styles, includ-
ing both raw GPT-3.5 and the recent LLM-based
approach DisenTrans, which is also powered by
LLMs. This superior performance demonstrates
that the success of our framework is not solely due
to the power of the LLM. Instead, our disentangled
multi-agent framework enhances the LLM’s ability
to understand complex styles, while the division
of tasks into simpler subtasks effectively boosts
the style strength of the generated sentences. Al-
though raw GPT achieves a higher style strength
score on the simple style GYAFC dataset, it suf-
fers from a lower content preservation score. In
contrast, our self-check strategy ensures that our
model maintains a high content preservation score
while achieving a comparable style strength score,
striking a better balance between style and content.

5.3 Ablation Study

We conduct ablation studies on two representative
styles: the simple style sentiment, using data from
the Yelp dataset, and the complex style poetry, us-
ing data from the CDS dataset. For both styles, we
sample 1,000 instances for evaluation, balancing
experimental rigor with the cost of API calls. The
ablation study investigates the impact of key com-
ponents in our framework, specifically the multi-
agent strategy and the self-check mechanism. In
addition, we perform robustness tests to assess the
influence of the base model and prompt design.

Impact of Multi Agent Strategy. We experiment
with three variations to analyze the impact of the
planner and subtask agents in our multi-agent strat-
egy. In the “Raw LLM?” variation, the LLM is
directly prompted with the style name and a few
in-context learning examples, performing the style
transfer based solely on this basic information with-
out any decoupling or planning. The “w/o Multi
Agents” variation extends the “Raw LLM” setup
by providing the LLM with a plan in addition to
the basic information; however, the style transfer is
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Table 1: Overall Accuracy on Text Style Transfer Datasets. (%)

\ Yelp GYAFC | CDS Average Shakespeare

| Style Content Style Content | Style Content Style Content
Input Copy | 1.4 21.8 5.1 70.1 | 8.0 60.9 9.6 67.1
StyleTrans (Dai et al., 2019) 90 46 86.3 70.8 75.0 53.0 62.1 69.1
DGST (Li et al., 2020) 88 54.5 79.4 70.1 70.1 51.6 - -
DIRR (Liu et al., 2021) 92.8 52.3 86.7 75.2 86.9 53.5 63.0 70.0
RACOLN (Han et al., 2023) 86.9 56.3 - - - - - -
CRF (Shuo, 2022) 86.7 53.5 93.2 74.2 80.8 58.7 68.4 67.2
DisenTrans (Han et al., 2024) | 93.2 58.7 - - - - 61.3 66.5
GPT-3.5 (OpenAl, 2024) 86.3 53.0 94.1 68.9 88.4 51.8 69.6 59.0
Ours | 94.6 59.2 93.9 783 | 91.2 63.1 73.9 70.3

Table 2: Ablation Study on Sentiment and Poetry. (%)

Methods | Sentiment |  Poetry

| Sty. Cont. | Sty. Cont.
Ours | 923 543 | 589 432
Effect of Plan and Multi Agents Strategy
Raw LLM 88.5 512 | 548 378
w/o Multi Agents 88.7 519 | 543 41.0
w/o Specific Plan 92.0 58.1 |59.0 415
Effect of Self Check Interaction Strategy
w/o Self Check 91.0 503 | 59.5 40.7
w/o Specific Check Plan | 92.4 54.0 | 582 42.7

Table 3: Robust Study of Base Model on Poetry. (%)

Simple Prompt  Our Framework

Content Style Content Style
Input Copy - 34 - -
Style Transformer  49.1 82.1 - -
LLaMA-8B 28.6 39.7 29.8 532
LLaMA-70B 43.8 74.1 48.3 82.1
GPT-3.5 39.0 79.6 50.3 85.9

executed in a single step, without breaking it into
multiple subtasks. Finally, in the “w/o Specific
Plan” variation, the framework employs a gen-
eral human-designed abstract plan that keep same
across all styles, rather than generating a tailored
plan for each specific style. The subtask agents
in this case remain consistent with those in the
original framework.

The results in Table 2 demonstrate that all these
variations lead to a decrease in both style strength
and content preservation accuracy. The “Raw LLM”
approach shows the most significant drop, high-
lighting the critical importance of incorporating a
decoupling plan in our framework. For complex
and entangled styles, the absence of a decoupled

plan makes it challenging even for a powerful LLM
to generate sentences that balance style strength
and content preservation effectively. The “w/o
Multi Agents” approach also results in a perfor-
mance decline, but to a lesser extent than “Raw
LLM”, suggesting that multi-step execution fur-
ther enhances performance beyond simply having
a plan. The “w/o Specific Plan” variation also re-
duces accuracy, though the impact is smaller com-
pared to the other variations. This indicates that
even a general plan improves the LLM’s ability
to handle complex styles. However, the remain-
ing performance gap shows that a specific plan is
essential for achieving optimal results.

Impact of Self-Check Interaction Strategy. We
conduct experiments with two variations to evalu-
ate the impact of the self-check interaction module
in our framework. In the “w/o Self Check’ vari-
ation, the self-check strategy is entirely removed.
In this case, the multiple agents execute their tasks
sequentially according to the subtask plan, and the
output of the last agent is taken as the final trans-
ferred sentence without further verification or re-
finement. Instead of generating a tailored interac-
tion check plan for each specific style, the “w/o
Specific Check Plan” variation approach uses a
simple, human-designed plan that is uniformly ap-
plied to all styles. All other components and steps
remain consistent with the origin framework.

The results in Table 2 reveal that “w/o Self
Check” leads to a decline in content preservation
accuracy but does not much affect style strength.
This suggests that the style strength in text style
transfer primarily depends on the LLM’s under-
standing and decoupling of complex styles to make
sentences more aligned with a target style. In the
datasets used for this experiment, most subtask

21399



Impact of Plan Steps Impact of In-Context Examples
0

80 80
70 4 —e— Content Score g 70 4

00 Style Accuracy | @ o0 |

N ———— o 50—

3 5 5 20

—e— Content Score
Style Accuracy

4 10 15
Plan Steps In-Context Examples

Figure 6: Impact of Plan Steps and In-Context Examples
on Performance for the Poetry Style.

agents focus on style, and conflicts between agents
often result in high style strength at the cost of
altering the original semantic meaning.

The results also show that “w/o Specific Check
Plan” has minimal impact, yielding nearly the same
performance as the original framework. This indi-
cates that, for most styles, the key interaction to
avoid conflicts occurs between the core message
agents and the final polishing agents. Since this
interaction is covered in the human-designed ab-
stract plan, a general plan can deliver comparable
results. However, we argue that for certain complex
styles, a specific interaction plan may be necessary
to achieve optimal performance.

Impact of Base model. To evaluate the robust-
ness of our framework, we replace the base model,
GPT-3.5, with smaller LLMs such as LLaMA-
8B (Touvron et al., 2023) and vary the prompts
to assess the impact of both the base model and
prompt design. As shown in Table 3, the sim-
ple prompt refers to a basic prompt containing
only a few in-context learning examples, without
the multi-agent framework. Results show that the
choice of base model also plays a critical role, as
our training-free approach relies on the model’s in-
herent capabilities. Using a smaller model like
LLaMA-8B leads to a clear drop in both style
strength and content preservation. Nevertheless,
our multi-agent framework consistently outper-
forms simple prompting across all models, demon-
strating its robustness and adaptability for TST.

Impact of Robust and Hyperparameter. We in-
vestigate the robustness of our framework by vary-
ing two key factors: the number of decomposition
steps in the planner’s output and the number of
in-context learning examples, as shown in Figure 6.
First, we evaluate plans with 3, 4, and 5 subtasks
to assess whether different granularities of the plan
affect performance. All configurations show per-
formance improvements over the base setting, with
4-step plans yielding the best trade-off between
style strength and content preservation. Second,

Style: InFormal -> Formal

Input: think about what good it brought about.
GPT-3.5: Consider the benefits it has brought about.
Ours: Please consider the good it has brought about.

Style: Negative -> Positive

Input: so far i’m not really impressed

GPT-3.5: So far, I believe there's still room for improvement.
Ours: So far, I’m looking forward to being more impressed.

Style: Neutral -> Poetry

Input: There's an apple tree across the street, and the apples
on it are so great.

GPT-3.5: Across the way, an apple tree does stand, Its fruits,
so fine, the best in all the land.

Ours: Across the street, an apple tree does stand, Its apples,

oh so great, do grace the land.

Figure 7: Case Study on GPT-3.5 and Our Framework.

we examine the effect of varying the number of in-
context examples used by the planner (5, 10, 15, 20
examples). We observe that increasing the number
of examples generally improves performance, with
diminishing returns after 10 examples.

5.4 Case Study

Figure 7 presents examples of generated transferred
sentences from our framework alongside those pro-
duced by the powerful base LLM for both simple
styles (sentiment and formality) and the complex
style poetry. The results illustrate that our frame-
work effectively balances style strengthening and
content preservation. In contrast, the raw LLM
can perform well on simple styles, but may omit
critical content on the complex style transferring;
for instance, in the poetry example, it fails to retain
“so great” and “across the street” In comparison,
our framework preserves all essential content while
successfully transferring it into the poetic style.

6 Conclusion

We propose a multi-agent self-check framework
for text style transfer, using an LLM planner and
expert agents for subtasks. Unlike prior models
that struggle with complex styles, our training-free
approach decomposes the task and enables itera-
tive refinement through self-checking, balancing
style and content. Experiments on both simple
and complex datasets demonstrate that our frame-
work achieves improvements in both style strength
and content preservation. Moreover, our approach
showcases strong adaptability in few-shot settings,
underscoring its potential as a robust and efficient
solution for diverse TST tasks.
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7 Limitations

While our proposed framework achieves improved
performance across multiple datasets and outper-
forms several baseline methods, it comes with cer-
tain limitations. First, the framework relies on the
inference of multiple large language models, which
leads to significantly higher API call costs com-
pared to single-agent approaches. This increased
cost is a known challenge in multi-agent systems.
Although we prioritize accuracy in this work—as
it is often the most critical factor in style trans-
fer—reducing computational and monetary costs
remains an important direction for future research.
Second, due to the involvement of multiple agents
and recursive refinement steps, repeated experi-
mentation may become time-consuming. In fu-
ture work, we aim to improve efficiency and make
the behavior of the framework more predictable,
thereby minimizing the need for extensive tuning
or repeated trials.

8 Ethics Statement

The text style transfer model is versatile and can
be applied to various styles; however, this flexibil-
ity also poses potential risks. The model could be
misused to generate sentences in styles containing
offensive or even illegal content. In our framework,
GPT-3.5 may occasionally produce toxic outputs.
To address this, we plan to incorporate a detoxifi-
cation module in future iterations to better control
and filter the generated content.
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A Appendix
A.1 Datasets

Table 4: Statistics of each Style Transfer dataset.

Dataset Style Test Num. Style Type
GYAFC  Formality 1,082 Simple
Yelp Sentiment 1,000 Simple
CDS Literature 14,079 Complex
Shak. Shakespeare 1,293 Complex

We evaluate our framework on two types of
datasets: those targeting simple styles and those
targeting complex styles. For simple styles, we
use the Grammarly’s Yahoo Answers Formal-
ity Corpus (GYAFC)(Rao and Tetreault, 2018)

and the Yelp Review Dataset(Shen et al., 2017).
GYAFC is a parallel corpus containing formal and
informal sentence pairs collected from the Yahoo
Answers forum. The Yelp dataset is a non-parallel
corpus labeled with binary sentiment (positive or
negative), consisting of user reviews from various
businesses and services on Yelp.

For complex styles, we use the CDS(Krishna
et al., 2020) and Shakespeare(Xu et al., 2012)
datasets. CDS is a non-parallel corpus containing
11 distinct and stylistically rich categories, such as
poetry and Biblical text. The Shakespeare dataset
is a parallel corpus designed to convert modern
English into Shakespearean-style language. Since
CDS lacks parallel sentence pairs, we use it exclu-
sively to evaluate style strength and content preser-
vation, without measuring content accuracy.
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