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Abstract

Current text style transfer task mainly focuses on short texts,
while the field has not been fully developed for long texts. Consid-
ering the richer semantics and more complex sentence structures
in long text sequences, existing methods that employ traditional
style-content disentanglement ways and learn the target style to
generate target sequences face two key issues: 1) During disentan-
glement, they usually directly separate style words or fragments,
such coarse-grained disentanglement risks losing original seman-
tics and hinder the model’s content preservation. 2) During target
style learning, they often focus on the transfer of certain style
attributes or aspects, which makes it difficult to grasp the holis-
tic style of target objects. To this end, we propose Cognitive
enhancement Chain-of-Thought (CeCoT) towards enhancing
style learning and content preservation for long style transfer. Ce-
CoT first constructs progressive CoT to facilitate LLMs to grad-
ually rewrite source content and separate source styles, thereby
enhancing the retention of original content. Then, we propose
cognitive CoT, which comprehensively considers hierarchical
cognitive content (i.e., shallower-deeper-normal level) and cog-
nitive behavior (i.e., prompt order of CoT) to learn the overall
target style. To enhance the robustness of our model, we also
propose two constraint losses in a dual validation way towards
content preservation enhancing and style consistency learning.
Extensive experiments on two competitive datasets demonstrate
the superiority of our CeCoT.

Introduction
Text style transfer task is the process of changing style attributes
of a source text sequence while keeping its content unchanged,
to generate a new sequence (a.k.a. the target sequence). Transfer
types of this task primarily include emotional transfer (Zhu
et al. 2024b), formal transfer (Hu et al. 2022), humor transfer
(Christ et al. 2024), and imitation of specific characters, etc.,
which have also been fully applied in the fields (Jin et al. 2022;
Wu et al. 2023b,c) of poetry creation, advertising generation,
e-commerce customer service, etc. Appropriate text style can
promote interpersonal communication, product promotion, and
even political relations. Recently, with the advent of the era of
large language models (LLMs), this field has received increasing
attention to enhance the personalization and fun of generated
content (Jing et al. 2023).

*Corresponding author.
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Text style transfer could be categorized into short-text
and long-text approaches. For short text transfer, methods
mainly adopt explicit and implicit style-content disentangle-
ment. Explicit-based methods separate content and style in
source text sequences through editing or replacement, such as
frequency-based (Liu et al. 2024) or attention-based methods
(Lee et al. 2021; Lin et al. 2024). Implicit-based methods cap-
ture implicit representations of style and transfer them to flexi-
ble expressions of target style, which include back-translation
(Wei et al. 2023), reinforcement learning (Deng et al. 2022),
and disentanglement (Zhu et al. 2022, 2024a) strategies. Owing
to its relatively limited semantics in short text, these methods
exhibit low complexity and achieve relatively straightforward
transfer. Long text style transfer, by contrast, has broader
applications such as literary adaptation, imitation of specific
characters, etc. However, these methods are relatively scarce
and largely extend short-text methods. They mainly learn com-
plex hidden features in long texts through implicit disentangle-
ment, and rely on autoregression (Xiao et al. 2023), variational
autoencoder (Sharma, Dhiman, and Kumar 2024), and gener-
ative adversarial networks (Chen, Tennent, and Hsu 2024) to
generate new sequences with target styles.

Nevertheless, there are two key challenges in long text style
transfer: 1) Easy to lose original semantics during style-
content disentanglement. Long text has richer semantics and
more complex discourse structures compared to short text. Ex-
isting methods typically leverage explicit or implicit disentan-
glement to separate style words or fragments from source se-
quences to obtain pure original semantics. Considering that
these fragments still contain key original semantics, such coarse-
grained separating methods easily lose original semantics and
interfere with the preservation of content. 2) Difficult to learn
holistic style during target style learning. In long text, target
style is not as concise and clear as in short text. Like in short
text emotion transfer, only emotional words in source sequences
need to be replaced (e.g. positive → negative). For the target
style of long texts, such as the style of a specific author, it has
rich style features such as word usage habits, sentence struc-
ture, expression framework, etc. Current methods often focus
on word-level imitation, failing to capture the target’s complex
global style for holistic style transfer.

To address these issues, we propose Cognitive enhancement
Chain-of-Thought (CeCoT) to enhance content preservation and
style learning for long style transfer. Specifically, to obtain pure
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content semantics from the source sequence while removing
the style features, leveraging the powerful understanding and
reasoning capabilities of LLMs, we design progressive CoT to
facilitate LLMs to gradually learn deep pure semantics from
source sequences. To learn global style features of the target
object, we construct cognitive CoT that models cognitive con-
tent around “shallower-deeper-normal” prompt strategies and
cognitive behavior of “prompt order of CoT” to enhance overall
target style learning. Finally, we propose two constraint losses to
strengthen original content preservation and target style consis-
tency learning, thereby improving long text transfer. Experiments
validate on two public datasets confirm the effectiveness of our
model. Contributions of our paper are summarized as follows:
• To the best of our knowledge, we propose the first frame-

work that integrates cognition into LLMs for long text style
transfer, which constructs progressive and cognitive CoTs
to promote LLMs to enhance the preservation of original
semantics while capturing the overall target style from
multiple perspectives.

• We devise CCoT around cognitive content and cognitive
behavior, which establishes “shallower-deeper-normal” multi-
perspective style rewriting strategies in cognitive content and
considers the influence of prompt order in cognitive behavior,
so as to enhance the overall target style learning.

• Two constraint losses respectively boost the preservation of
source semantics and target style learning. Extensive experi-
ments verify the superiority of CeCoT.

Related Work
Text Style Transfer
Text style transfer methods are classified as supervised, semi-
supervised, or unsupervised based on parallel corpus require-
ments (see Figure 1). Supervised learning methods require
parallel corpora and mainly include two types: data augmen-
tation (Zhang, Ge, and Sun 2020) and vocabulary constraint
decoding (Zhang, Ge, and Sun 2020). Data augmentation fo-
cuses more on joint learning based on multi-task learning (Jin
et al. 2022). Semi-supervised methods prefer to learn hidden
space cross-projection (Shang et al. 2019) and employ pseudo
parallel corpus (He et al. 2020). The first relies on Seq2Seq
and projects alignment of hidden layers between encoders to
improve content preservation. The second (Horvitz et al. 2024)
mainly leverages retrieval and generative-based strategies to
enhance the consistency between target style and its content.

Unsupervised methods that do not require parallel corpora
have become the mainstream of research (Han et al. 2023). They
are divided into disentanglement-based (Xu et al. 2024) and non-
disentanglement methods (Hong et al. 2024) according to whether
style and content need to be separated. The former mainly in-
cludes explicit (Shi et al. 2023) and implicit (Chen, Tennent, and
Hsu 2024) content-style separation. The focus of explicit separa-
tion is on how to identify and replace style words, which mainly
includes frequency-based (Narasimhan et al. 2023), attention-
based (Wu et al. 2023a), and a combination of both (Ge et al.
2023; Liu et al. 2024) ways. This type of method has the ad-
vantage of strong interpretability, but it is difficult to meet the
requirement of complex style transfer tasks. The goal of im-
plicit separation is to indirectly separate the content and style
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Figure 1: Classification of text style transfer methods.

of source sequences based on autoencoders (Pour et al. 2023),
variational autoencoders (Sharma, Dhiman, and Kumar 2024),
and adversarial networks (Liu et al. 2023), which has the advan-
tage of better capturing original semantics. Considering that the
content and style of most text sequences are often intertwined, it
is difficult to separate them into two independent parts (Lv et al.
2024). Therefore, non-disentanglement methods have emerged,
which generally include machine translation (Wei et al. 2023),
pre-trained language models (Narasimhan et al. 2023), latent rep-
resentation editing (Li, Li, and Hoi 2024; Shu et al. 2024), etc.
Compared with short text, long text has richer semantics and more
complex discourse structures. Current methods often suffer from
drawbacks of losing semantics from source text and difficulty
in learning target styles. Thus, we strive to stimulate reasoning
abilities of LLMs to enhance style transfer in long texts.

Chain-of-Thought of LLMs
The key to the powerful reasoning ability of LLMs lies in the
invention of CoT prompts (Wei et al. 2022). CoT prompts simu-
late the process of human problem-solving, guiding the model
step by step to demonstrate its reasoning ideas and logical rela-
tionships, thereby achieving complex thinking processes. The
current CoT approaches mainly focus on how to design effective
prompts to explore more valuable knowledge in LLMs, including
self-consistent prompts (Lin et al. 2025), generated knowledge
prompts (Zhang et al. 2024), and minimum to maximum prompts
(Maia Polo et al. 2024). Current methods do not fully consider
the deep-level cognition of human, i.e., people have the character-
istics of viewing things from multiple perspectives and thinking
leaps. Therefore, our model designs cognitive CoTs from both
cognitive content (around shallower-deeper-normal level) and
cognitive behavior (around prompt order consideration) to en-
hance the ability to transfer long text styles.

The Proposed Approach
We propose cognitive enhancement chain-of-thought method
(CeCoT) for long text style transfer, consisting of five core com-
ponents, as shown in Figure 2. Next, we will describe each level
of our module in detail.

Task Definition
This task could be defined as: Given a long text sequence (a.k.a.
a source sequence) x = {x1, x2, ..., xn} with n tokens and its
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Figure 2: An overview of our CeCoT. Source content preserving layer designs progressive CoT to apply LLM for capturing pure
content semantics, and target style learning layer explores cognitive CoT to promote LLM to learn overall styles.

style label s ∈ S (S is the set of long text styles). The goal is to
generate a new long text sequence (a.k.a. the target sequence) that
contains multiple sentences, which possesses significant target
style features s′ ∈ S (s′ ≠ s) while preserving original semantics.

Source Content Preserving
To remove style features from the source sequence and preserve
content semantics, considering the powerful understanding and
reasoning ability of LLMs, we design progressive CoT prompts
to facilitate LLMs to gradually disentangle content and style
features from the source sequence, thereby learning pure origi-
nal content semantics. Progressive CoT prompts mainly involve
the following three steps:

Step 1: Semantic Rewriting Firstly, to ensure that the
model focuses on understanding semantic content of the source
text, we design Semantic Rewriting Prompt to guide the model
to rewrite the semantics of the source text in a more concise
and objective way. This step can be formalized as:

cre = LLM(x,P’1) (1)
Step 2: Style Analysis Next, to separate the original style

from source text, we instruct LLMs to fully explore the style
of the source text from multiple perspectives of word-level,
sentence-level, and framework-level, which are formalized as:

csa = LLM(x,P’2) (2)
Step 3: Robust Verification Finally, to verify whether

content semantics of source text obtained in step 1 are still
mixed with style information, we design robust verification
prompt that combines the style information in step 2 to check
the content in step 1 and further promote LLMs rewriting,
thereby acquiring a more robust and objective content of source
text. This step can be formalized as:

crv = LLM(x, cre, csa,P’3) (3)
where P’1, P’2, and P’3 are shown in the progressive CoT
module of Figure 2.

Target Style Learning
Styles in long text generally imply multiple complex structures
throughout the entire text, making it difficult to clearly describe
through a single or a few token labels. For this purpose, we
develop target style learning layer that incorporates cognitive

CoT (CCoT) with dual-view of cognitive content and behaviors
to facilitate LLMs in learning more precise target style features.
CCoT includes two aspects:

Content Cognition We know that people have different sensi-
tivities to colors, and similarly, readers have different sensitivities
to text style. Some people can keenly perceive the style of the
text, while others may not feel the style features (they may only
perceive the semantic information of the text). Therefore, we
build prompt strategies by simulating people’s different levels
of recognition of styles, designing three types of gradual style
rewriting prompts “shallower-deeper-normal”, and exploring
their differences to comprehensively enhance target style learn-
ing in the target sample y′. Content cognition includes four steps:

Step 1: Generate in a shallower style direction When
people look at the style of long text, some may not be sensitive
to style features and may not perceive their existence. To this
end, we model the cognition of this group of people and rewrite
the long text in a ‘shallower’ direction, formalized as:

sws = LLM(y′,P1) (4)
Step 2: Generate in a deeper style direction On the contrary,

some people are very sensitive to language style and can easily
capture style information in long text. Thus, we rewrite this long
text in a ‘deeper’ direction. This step can be formalized as:

sss = LLM(y′,P2) (5)
Step 3: Generate in a nromal style direction Certainly,

most people have a normal perception of language style and can
effectively discover style information in long text. Therefore,
we rewrite this long text in a ‘normal’ direction, formalized as:

sps = LLM(y′,P3) (6)
Step 4: Explore style differences To highlight overall styles,

we construct style differentiation prompt to facilitate LLM to
analyze styles in three steps mentioned above, formalized as:

ss = LLM(S, sws, sss, sps,P4) (7)
where S represents original target style, P1, P2, P3, and P4 are
shown in cognitive CoT of Figure 2. In this way, we can obtain
the highlighted target style ss.

Behavioral Cognition Experiments have found that different
prompt orders can leave a preconceived impression on LLMs
and generate responses of different qualities (Li et al. 2023), just
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like our human behavioral cognition. Considering that “different
prompt orders of agents affect results”, we devise prompt com-
bination mechanism that explores different prompt execution
orders in LLMs, thereby further boosting the learning of target
styles. It includes five types of combination modes:

Mode 1: Serial mode To learn influence of different prompt
execution orders, three prompts are first input into the same LLM
to obtain their rewritten content and further are integrated together.

Sm1 = [LLM(LLM(LLM(y′,P1),P2),P3)] (8)
where ; is the concatenation operation.

Mode 2: Parallel mode To ensure that different prompts do
not affect each other, we input three prompts into different LLMs
(which can be copies of the same LLMs) to obtain their rewritten
content, and then integrate them together. It can be formalized as:

Sm2=[LLM1(y
′,P1);LLM2(y

′,P2);LLM3(y
′,P3)] (9)

Furthermore, we also learn the influence between the two
prompts and then integrate the content obtained from the third
prompt. Thus, three hybrid modes are designed: Hybrid ‘12-
3’, Hybrid ‘13-2’, and Hybrid ‘23-1’, where Hybrid ‘12-3’
means inputting prompt 1 and prompt 2 into the same LLM,
and prompt 3 into another LLM. Similarly, Hybrid ‘13-2’ and
Hybrid ‘23-1’ will not be further elaborated.

Sm3 = [LLM1(LLM1(y
′,P1),P2); LLM2(y

′,P3)] (10)

Sm4 = [LLM1(LLM1(y
′,P1),P3); LLM2(y

′,P2)] (11)

Sm5 = [LLM1(LLM1(y
′,P2),P3); LLM2(y

′,P1)] (12)
The formula for prompt 4 can be optimized as:

ss = LLM([S, Sm1; Sm2; Sm3; Sm4; Sm5],P4) (13)
In the end, we obtain precise target style information to be

imitated.

Fusion Generation
After obtaining semantic content of the source sequence and
target style, we design fusion generation to facilitate interac-
tion and integration of the two and gradually generate new
sequences with the target style.

Encoder Network We first encode source content semantics
and the target style to obtain their hidden representations. In our
model, Transformer encoder serves as the encoder.

As the core of Transformer encoder, multi-head self-attention
network can capture deep dependencies of a sequence from mul-
tiple perspectives. For each self attention, it focuses on learning
internal semantic dependencies between two tokens in a sequence:

H = Attention(Q,K,V) = softmax(
QKT

√
dk

)V (14)

headi = Attention(QWQ
i ,KWK

i ,VWV
i ) (15)

M = Attention(Q,K,V)

= Concat(head1, head2, ..., headm)Wo (16)

E = Feed−Forward(M) (17)

where Q, K, and V are queries, keys, and value matrices, re-
spectively. dk is feature dimension size of K. all W are train-
able parameters. In our settings, in the encoding of source
text, Q = K = V = Crv, Crv is the embeddings of source
sequence crv . In the encoding, Ss is the embeddings of target
sequence ss. In this way, we gain encoding features of source
text and target style as Ec and Es, respectively.

Cross-fusion Network To effectively associate and fuse the
source text and target style, we design cross fusion network,
which first concatenates the two types of information and then
uses multiple Transformer layers as fusion network to learn
target style-aware representations.

Fcs = MTL(Q = K = V = [Ec; Es]) (18)
where Fcs contains fusion features of the association between
source text and target style.

Decoder Network To generate smooth sequences with target
style, we use an autoregressive (AR) decoder to generate tar-
get content. The decoder absorbs style-aware associated fusion
features Fcs by the cross-attention layer.

P(y|Fcs) =
∏
t=1

P(yt|y>t,Fcs) (19)

Training Objectives
In addition, to further strengthen source content preservation
and target style consistency in the training phase, we propose
two constraint losses:

Content Preservation Enhancing Loss To enhance the re-
tention of original content, we construct content preservation
enhancing loss to compare content semantics of the source
sequence obtained in Section with intrinsic content in the gener-
ated sequence. Here, we still employ LLMs to mine the intrinsic
semantics crv

′
in the generated sequence y.
crv

′
= LLM(y, cre

′
, csa

′
,P’3) (20)

where cre
′

and csa
′

are learned by steps 1 and 2 in section ,
respectively.

Lcpreser =

|Ec|∑
i=1

|Ec′ |∑
j=1

||Eci − Ec′j ||22 (21)

where Ec′j
is the encoded j-th hidden state of intrinsic content

semantics crv
′
.

Style Consistency Verification Loss To enhance the con-
sistency of the generated target style, we construct style con-
sistency verification loss to compare the style of the generated
sequence with the style we imitated. For the style learning, we
also utilize LLMs described in Section to obtain:

ss
′
= LLM([y, S′

m1; S
′
m2; S

′
m3; S

′
m4; S

′
m5],P4) (22)

S′
m1 to S′

m5 are obtained by steps 1 to 5, where S′m1 comes
from the output of Mode 1.

Lsconsist =

E
ss

′∑
i=1

|Es′ |∑
j=1

||Ess′i − Es′j ||22 (23)
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Datasets Chinese English
Statistics Style Size Avg. Len. Style Size Avg. Len.

Training
JY 2964 344 SP 1161 71
LX 3036 168 RS 1161 49
FT 1456 175 - - -

Validation FT 242 175 RS 290 48
Test FT 729 176 RS 290 50

Table 1: Statistics of two style transfer datasets. Avg. Len.
denotes the average length of tokens in each sample.

where Ess′ and Es′ are the encoded hidden state of sequences
ss

′
and s′, respectively.

Style Classifier Loss We expect generated sequences pos-
sessing target styles. Thus, we train a style classifier to con-
struct style loss:

Lsty = −Ey∼Decoder[logP(s
s′ |y)] (24)

In style classifier, we employ cross-entropy loss to train it in
whole training set and leverage soft sampling to allow gradient
back-propagation (Lee et al. 2021).

On the whole, the overall loss L of our CeCoT is con-
structed by the following balanced way:

L = Lsty + λ1Lcpreser + λ2Lsconsist (25)
where λ1 and λ2 are trainable parameters.

Experiments
We design different COTs to improve style transfer and try to
answer the following questions:
• RQ1: Could CeCoT achieve optimal performance com-

pared to the latest baselines?
• RQ2: Are different modules of model beneficial for the task?
• RQ3: Are different types of CoTs progressiveness?
• RQ4: What is impact of CoTs behavior on model performance?
• RQ5: Could the impact of CoT on model performance be

visually demonstrated?

Datasets
To evaluate the effectiveness of our model in long text style
transfer task, we utilize competitive stylized story datasets
(Zhu et al. 2023) consisting of both Chinese and English. En-
glish dataset mainly includes two types of text styles, everyday
essays (ER) from ROCStories (Mostafazadeh et al. 2016) and
scripts from Shakespeare’s plays (SP). Chinese dataset mainly
includes three types of text styles, namely Fairy Tale (FT) for
multiple novel fragments, Lu Xun’s (LX) for realism novels
and Jin Yong’s (JY) for martial arts novels. In our experiments,
we carry out multiple transfer tasks, i.e., FT→LX, FT→JY,
and ER→SP, where FT→LX represents transferring Fairy
Tale style into Lu Xun’s style.

Settings and Evaluation Metrics
In our model, we utilize LongLMsmall(Guan et al. 2022)
and T5small(Raffel et al. 2020) as the backbone model of
the encoder-decoder architecture for Chinese and English
datasets, respectively. For hyperparameters, λ1 and λ2 are set
to 1.0 and 0.8, respectively. the mini-batch size is 4, and the
learning rate of Adam optimizer to 2× 10−5.

Evaluation Metrics. Inspired by previous methods (Zhu et al.
2023; Zhao et al. 2024), we evaluate our CeCoT by both auto-
matic and manual evaluation ways. 1) Automatic evaluation.
Style Transfer Accuracy. To evaluate style transfer accuracy in
target sequences, we apply our model’s encoder fusing a clas-
sification layer as style classifier to evaluate models. Here, we
utilize document-/sentence-level style classifiers, i.e., Accd and
Accs. Content Preservation. We adopt shallow and deep evalua-
tion to measure content preservation. For shallow evaluation, we
adopt BLEU1 and BLEU2 to measure N-gram overlaps. For
deep evaluation, we rely on BERT Score (BS) to gauge semantic
similarity between two sequences. Here, we employ BSp (Preci-
sion), BSr (Recall), and BSF1 (F1-score) as deep metrics. We
use geometric mean of Accd and BLEU2/BSF1 (i.e., Overall1
and Overall2) to evaluate entire models’ performance. 2) Man-
ual evaluation. To enhance user readability, we also randomly
sampled 200 samples from Chinese dataset and generated target
sequences with LX and JY styles and invite three Chinese native
users to score style features (Sty.), content preservation (Cont.),
and fluency (Flu.). We set scoring range from poor to high as
(Zhu et al. 2023) and utilize average scores as final results.

Performance Evaluation (RQ1)
Baselines Style Transformer (Dai et al. 2019) employs
Transformer to learn context dependencies of text sequences for
style transfer. StyleLM (Syed et al. 2020) generates target text
by fine-tuning pre-trained language models (PLMs). Reverse
Attention (Lee et al. 2021) designs reverse attention in encoder,
which evaluates each token’s contribution for style classification,
so as to filtering styles in original content. AugZero-Shot (Reif
et al. 2022) constructs augmented zero-shot prompts to improve
PLMs for style transfer. StoryTrans (Zhu et al. 2023) devises
discourse representations and content enhancing for long story
author-style transfer. SC2 (Zhao et al. 2024) improves larger
PLMs by a joint style-content weighted module and style con-
sistent loss for long text transfer.

Results of Comparison

Automatic Evaluation Table 2 shows the results of all mod-
els on two datasets, and we observe that:
• In baseline models, Style Transformer and StyleLM show

weaker performance compared to other methods, especially
in achieving a maximum accuracy of 6.1% in style transfer.
However, they show the highest performance on BLEU (up
to 87%), demonstrating that they copy a large amount of
source content and find it difficult to disentangle source
styles from original content.

• Furthermore, Reverse Attention and AugZero-Shot present
more compromise performance than the previous two meth-
ods, with a significant improvement (obtaining up to 42.4%
boost in Accd and Accs), revealing the usefulness of pre-
trained language models for text style transfer.

• SC2 gains the best among all baseline models, showing improve-
ments of up to 5.4% and 3.5% than StoryTrans onOverall1 and
Overall2, respectively, confirming the effectiveness of jointly
optimizing style and content and designing consistency loss.

• Overall, our model fulfills superior results than the latest
baseline (SC2) with the overall boost of up to 2.4%, which
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Task Methods Accd Accs BLEU1 BLEU2 BSp BSR BSF1 Overall1 Overall2
FT → LX Style Transformer 0.1 1.7 71.7 64.4 91.7 92.6 92.1 2.5 3.0

StyleLM 0.1 6.1 71.2 61.1 90.6 92.2 91.4 2.5 3.0
Reverse Attention 6.4 28.0 17.3 4.8 61.4 58.8 60.0 5.4 19.6
AugZero-Shot 5.9 38.5 11.7 4.1 56.5 59.8 58.0 4.9 18.5
StoryTrans 39.6 52.0 25.7 9.6 63.0 63.9 63.4 19.5 50.1
SC2 41.6 70.5 27.5 11.9 61.6 65.5 63.5 22.2 51.4
Ours 43.3 75.6 29.1 13.2 64.1 67.6 65.8 23.9 53.4

FT → JY Style Transformer 0.8 3.4 71.8 64.5 91.6 92.6 92.1 7.2 8.7
StyleLM 1.2 0.9 70.6 60.3 90.3 92.1 91.1 8.5 10.5
Reverse Attention 63.8 29.1 14.8 3.9 59.1 60.1 59.6 15.8 61.7
AugZero-Shot 56.0 5.0 12.0 4.2 56.4 59.5 57.8 15.3 56.9
StoryTrans 70.6 25.1 22.3 7.9 61.2 65.5 63.2 23.6 66.8
SC2 74.9 41.5 26.2 12.5 64.2 67.7 65.9 30.6 70.3
Ours 75.8 44.3 28.1 13.5 65.7 68.9 67.3 32.0 71.4

ER → SP Style Transformer 1.4 5.9 87.0 82.4 97.1 97.5 97.3 10.7 11.7
StyleLM 0.3 2.7 83.6 80.0 96.0 97.3 96.7 4.9 5.4
Reverse Attention 43.8 45.7 8.7 2.6 73.6 81.9 77.4 10.7 58.2
AugZero-Shot 7.6 28.5 19.7 14.1 81.7 85.7 83.7 10.4 25.2
StoryTrans 55.9 47.4 22.0 7.1 82.1 83.7 82.9 19.9 68.1
SC2 60.3 54.4 27.3 10.6 82.7 84.7 83.6 25.3 71.0
Ours 62.1 56.7 29.1 15.4 84.3 85.6 84.9 30.9 72.6

Table 2: Automatic evaluation of our model with baselines on two datasets, where metrics of Overall are more valuable.

Methods FT → LX FT → JY
Sty. Cont. Flu. Sty. Cont. Flu.

StyleLM 0.89 1.90 1.60 1.45 1.87 1.75
Reverse Attention 0.95 1.52 1.69 1.56 1.67 1.80

AugZero-Shot 1.35 1.20 2.46 1.43 1.63 2.65
StoryTrans 2.26 2.01 1.86 2.46 2.00 1.97

SC2 2.45 2.25 2.20 2.55 2.24 2.20
Ours 2.66 2.42 2.51 2.78 2.48 2.53

Table 3: Human evaluation of our model with baselines.

Methods Accd Accs BLEU1 BLEU2 BSp BSR BSF1 O1 O2

-SCP 46.5 48.9 10.6 6.5 74.5 80.4 77.3 17.4 60.0
-TSL 30.2 34.7 32.5 20.7 75.7 81.2 78.4 25.0 48.7

-FG 58.3 53.4 26.6 12.1 83.3 83.9 83.6 26.6 69.8
−loss1 56.4 50.4 24.3 10.2 82.6 83.3 82.9 24.0 68.4
−loss2 35.6 38.9 32.0 18.6 77.3 82.4 79.8 25.7 53.3
CeCoT 62.1 56.7 29.1 15.4 84.3 85.6 84.9 30.9 72.6

Table 4: Ablation analysis of our CeCoT.

expresses the superiority of our elaborately designed CoTs
in promoting LLMs to improve long text style transfer.

Manual Evaluation We also conduct human evaluation to
verify style transfer effect based on user experience. As shown
in Table 3, we observe that: Although AugZero-Shot gains a
slight advantage (0.12 improvement in FT → JY) in terms of
fluency, our model obtains the best score in content retention and
style transfer, showing an improvement of up to 0.41 than SC2
and StoryTrans. Therefore, our model has achieved significant
advantages compared to other baseline methods.

Discussions
Ablation Study (RQ2) To verify the effectiveness of each
module, we separate CeCoT: -SCP, -TSL, and -FG represent

the removal of LLMs in source content preserving, LLMs in
target style learning module, and fusion network in CeCoT.
−loss1 and −loss2 indicate that our model removes content
preservation enhancing loss and style consistency verification
loss, respectively. As shown in Table 4, we observe that:

• Effectiveness of constituent modules of our model. After
removing LLMs (-SCP and -TSL), our model experiences
varying degrees of performance degradation, showing a de-
crease of up to 23.9%. Meanwhile, -FG underperforms our
model with at least 2.5% in all metrics. These fully demon-
strate the effectiveness of each modules of our model.

• Effectiveness of designed losses. The removal of two loss
modules has had a certain impact on the model performance,
reflecting at least a 4.2% weakening in overall metrics. This
illustrates that strengthening the constraints of content reten-
tion and style consistency has positive effects on improving
the ability to transfer text styles.

Evaluation of Two Types of CoTs (RQ3) To verify the
superiority of the two types of CoTs designed in CeCoT, we
evaluate specific prompt strategies in TSL and SCP modules:
StdPrompt(TSL) refers to modifying prompts of TSL mod-
ule to standard prompts, i.e. “remove style and mine content”,
while StdPrompt(SCP) denotes that replacing prompts of SCL
module with standard prompts, i.e., “remove content seman-
tics and explore style”. SCP(-P1) and SCP(-P2) indicate that
we remove P’1 and P’2 from the source content preserving.
SCP(-P1) and SCP(-P2) indicate that we will remove Prompt1
and Prompt2 from the source content preserving. TSL(-Mode
1), TSL(-Mode 2), TSL(-Mode 3), TSL(-Mode 4), and TSL(-
Mode 5) respectively represent the removal of the corresponding
different modes. The results are shown in Figure 4:

• When we replace prompts in TSL and SCL modules with stan-
dard prompts, it shows at least 3% performance weakening,
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Figure 4: Comparison results of two types of CoTs (i.e., the impact of different steps in CoTs on model performance).
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Figure 5: Performance comparison of different steps in CoTs.

which confirms the superiority of the prompt strategy con-
structed by our model. Furthermore, SCP (-P1) and SCP (-P2)
achieve a performance degradation of at least 10.3% across
all metrics, confirming the usefulness of the prompt strategy
constructed by SCP for preserving source content.

• The removal of different prompt modes in TSL results in
the model degradation, with a decline from 1.2% to 5.5%
compared to our model. This not only confirms that prompt
order behaviors affect the output quality of large models, but
also reflects the effectiveness of considering different prompt
behaviors to improve our model.

Evaluation of Each Step in CoTs (RQ4)
To evaluate the sustained effectiveness of each step in CoTs, we
assess the changes in model performance (i.e., Overall2) under
different sample sizes, with a random sampling range from 100
to 800 samples. As shown in Figure 5, we can observe that:
Overall, the performance of each step in the design thinking
chain continues to improve with the increase of sample size,
ranging from 2.2% to 5.6% in terms of overall performance,
which confirms the effectiveness of our proposed steps in CoTs;
In different modes, different modes will bring different model
performance, among which mode 5 can promote the model
to achieve greater performance improvement, while mode 1
only achieves the minimum performance. The influence of the
execution order of these different thinking steps fully reflects
the impact of human behavior on the results.

Case Study (RQ5)
To more intuitively show the outputs of CeCoT, we choose a
specific case from Chinese dataset for verification. Figure 6 shows
comparison of our model and the one without using CoTs (i.e.,
StdPrompt(TSL) and StdPrompt(SCP)), and we observe that:
• In StdPrompt(TSL), there was less text style rewriting (only

transferring “slick” and “fabricated sophistry”) and more

[1]有一头鹿昏迷了，正巧被几只动物看到了。[2]狮子劝说绵羊、山羊和奶牛
把昏迷的鹿交给他来处理。[3]这时，三个狡猾的狐狸来到了狮子跟前。[4]他
们在森林法律的基础上，胡诌了一些理由，便把鹿给带走了。[5]只留下其他
动物呆愣在原地，不知所措
[1] Adeerwas unconscious and happened to be seen by several animals. [2] The lion persuaded
the sheep, goats, and cows to hand over the unconscious deer to him for treatment. [3] At this
moment, three cunning foxes approached the lion. [4] They fabricated some excuses based on
forestlawsandtookthedeeraway.[5]Leavingotheranimalsstandingstill,unsureofwhattodo.O
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[1][2]…, [3]此时，三个油滑的狐狸出现在狮子前。[4]他们诡辩，依据森林法则，
将鹿带走了。[5]其他动物被困住，不知怎么做
[1][2]…, [3] At this moment, three slick foxes appeared in front of the lion. [4]
They fabricated a sophistry and, according to Forest Law, took the deer away.
[5] Other animals are trapped and don't know what to do.st
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[1]一鹿在林中昏迷倒地，好巧不巧几只动物看到。[2]狮子极力表达对绵羊、
山羊与奶牛说道，此鹿交我保它安然无恙,几只动物只好同意。[3]此时三个聪
明而狡猾的狐狸，到达了狮子的前方。[4]乱编了大量说辞，理直气壮将鹿带
走。[5]其他动物皆呆若木鸡，不知所云
[1] A deer fell unconscious in the forest, coincidentally seen by several animals. [2]
The lion strongly expressed to the sheep, goats, and cows: let me keep this deer safe
and sound. They had no choice but to agree. [3] At this moment, three cunning foxes
arrived in front of the lion. [4] He fabricated a lot of excuses and confidently took the
deer away. [5] Other animals were stunned and lost in thought when they saw this.st

d
Pr

om
p
t

(S
C
P)

[1]那鹿因意外昏迷后，幸甚被绵羊、山羊和奶牛几只动物看到。[2]狮子思考
良久趁机劝说他们将那头鹿交由他处理。[3]此时，三个狐狸狡诈忽现在狮子
的面前。[4]他们在森林法律规则上编造了大量说辞，便将鹿带走了。[5]其他
动物愣住了，不知如何是好
[1] After the deer fell unconscious due to an accident, it was fortunate to be seen by
several animals including sheep, goats, and cows. [2] The lion pondered for a long
time and took the opportunity to persuade them to hand over the deer to him for
handling. [3] At this moment, three cunning foxes suddenly appeared in front of the
lion. [4] They fabricated a lot of excuses about forest laws and regulations, and then
took the deer away. [5] Other animals were stunned and didn't knowwhat to do.
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Figure 6: The visualization of sequences generated by CeCoT.

repetitive content (such as “taking the deer away according
to the forest rule”), which is probably due to the lack of well-
designed prompts, making it difficult to accurately identify
the specific style information of the sequence.

• While transferring target text styles, StdPrompt(SCP) also loses
some vital source content, such as entities “forest law” and
“standing still”, resulting in semantic deviation. Our model out-
performs the other two methods in preserving original content
and style polarity. The red fragments show a more outstand-
ing transfer effect, which further verifies the superiority of our
model in long text style transfer from a visual perspective.

Conclusion
We constructed a novel long text style transfer framework, CeCoT,
which designed two types of CoTs around cognition strategies
into LLMs and promoted mutual combination between LLMs
and small language models for improving source content reten-
tion and target style learning. Experimental results confirmed
the superiority of CeCoT on two publicly competitive datasets.
In the future, we will further design better prompts around the
knowledge of cognitive psychology to improve this task.
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