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4.1 Abstract

Text Style Transfer (TST) is a pivotal task in natural language generation to manipu-
late text style attributes while preserving style-independent content. The attributes
targeted in TST can vary widely, including politeness, authorship, mitigation of of-
fensive language, modification of feelings, and adjustment of text formality. TST
has become a widely researched topic with substantial advancements in recent
years. This paper provides an introductory overview of TST, addressing its chal-
lenges, existing approaches, datasets, evaluation measures, subtasks, and applica-
tions. This fundamental overview improves understanding of the background and
fundamentals of text style transfer.
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4.2 Introduction

Natural Language Generation

Natural Language Generation (NLG) is the process of producing meaningful ph-
rases and sentences in natural language. The main goal of NLG is to automa-
tically produce narratives that describe, summarize, and explain the input data
in a human-like manner. In other words, it generates fluent texts with minimal
grammatical errors and retains the specific intended content.

Some of the popular NLG tasks include machine translation [1], dialogue sy-
stems [2], and text summarization [3]. Through these tasks, the generated text has
shown to be more coherent, logical, and emotionally rich, especially with the latest
approaches based on neural language models.

Controllable NLG

Most of the built NLG systems target text fluency and grammatical correctness, and
do not consider any specific control over text style. This is a motivation for research
on controllable text generation [4]. The aspects of text generation that are common-
ly controlled include topic [5–8], style [9–12], emotion [13–16], and user preferen-
ces [17–20]. Some of the applications of controllable text generation are context-
based text generation [21], topic-aware text generation, [22], knowledge-enhanced
text generation [23] and text style transfer [24].

Control can be applied at various stages of the neural generation process, such
as input, hidden states, and decoding [25]. The Plug and Play language model
(PPLM) that was proposed by [26] takes an external input, performs computations
on hidden states, and then combines a pre-trained language model with one or
more simple attribute classifiers that guide text generation toward the desired topic
or sentiment. Another model by [27] describes a training method based on diverse
ensembling that would lead models to learn distinct text styles. It can thus be in-
ferred that end-to-end models can be equipped with the ability to control style and
length. More details on how NLG can be controlled using various control strategies
in the state-of-the-art models can be found in [4].

Style-Controlled Text Generation

In recent research, more attention has been paid to a subtask of controllable text ge-
neration dubbed style-controlled text generation, i.e., modeling and manipulating
the style of the generated text [28]. The goal of this approach is to model the content
of a text along with controlling its style. For example, the persona of a speaker in
dialogue [29] or the sentiment of product reviews [30]. Understanding and dealing
with style in text proves to be very complex [24], but recent advances in deep lear-
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ning techniques are helping stylized text generation tasks in various ways [31]. For
example, embedding learning techniques are used to represent style [13], and then
adversarial learning is used to match content but to distinguish between different
styles [30, 32, 33].

Text Style Transfer

In this paper, we will focus on Text Style Transfer (TST). TST is a task closely rela-
ted to Style-Controlled Text Generation. Style-Controlled Text Generation aims to
generate new text in a specific style. In contrast, Text Style Transfer is an existing
text written in source style, aiming to change the text style, i.e. a text retaining most
of the content but conforming to the target style. Our aim is to give a very basic
introduction to the TST task. All of the sections are presented in a brief and simple
manner with an illustrative number of examples. A more detailed overview can be
found in [24, 25, 28, 31, 34].

The paper is organized as follows. After the introductory section, Section 4.3
provides an overview of text style transfer. Section 4.4 reflects on the challenges
facing the TST task. The discussion of the existing data sets, approaches, evaluation
measures and applications is presented in Sections 4.5-4.8. A short overview of the
related ethical considerations is given in Section 4.9. Section 4.10 concludes the
paper.

4.3 The Task

Text style transfer (TST) is an NLG task that aims to automatically control the style
attributes of a text while preserving the style-independent content. Some of the
attributes that TST aims to control are politeness, formality, sentiment, and ma-
ny others. Table 4.1 shows some basic examples of TST. TST implies the need to
understand the difference between the style and content of a text.

Table 4.1 TST examples regarding sentiment, polarity, and formality.

Source Style Target Style

Impolite → Polite : Shut up! the video is starting! Please be quiet, the video will begin shortly.
Negative → Positive : The food is tasteless. The food is delicious.
Informal → Formal : The kid is freaking out. That child is distressed.

4.3.1 Understanding Style and Content

[35] define style as a notion that refers to the manner in which semantics is ex-
pressed. Individualistic styles such as choice of words, sentence structures, meta-
phors, sentence arrangement, etc., vary from person to person. These variations are
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shaped by the speakers’s personality – everyone has a distinctive set of techniques
for using the language to express and achieve their independent goals [36]. This
individualistic nature also determines how a person perceives events, describes
ideas, or provides additional information about them [24]. Style extends beyond
individual sentences to the broader discourse level. This includes elements such as
paragraph organization, theme progression, and use of cohesive devices that bind
the text together. These stylistic features at the discourse level play a crucial role
in ensuring that the text is coherent and engaging, thereby enhancing its ability
to convey the intended message and intrigue the reader. Taking these aspects into
account, the text can offer a richer and more nuanced understanding of its content.

Style has also been defined by [36] by its pragmatic aspects. Beyond these per-
sonal styles of expression, there are certain styles that are used as protocols to regu-
larize the manner of communication. For example, in the case of academic writing,
using formal expressions is the regularized protocol.

TST studies adopt a more data-driven approach to define text style in contrast
to the theoretical definition used in linguistic studies [31]. We can define style in
TST as the text style attributes or labels that are dependent on style-specific cor-
pora [24]. For example, datasets are manually annotated with linguistic style defi-
nitions, such as formality [37] or sentiment [38–40]. Unfortunately, not all possible
styles have very well-matched corpora, and many recent dataset collection works
are looking for meta-information that would automatically link a corpus to a cer-
tain style. Some of the TST tasks are built upon the assumption that style is localized
to certain tokens in a text, and a token has either content or style information, but
not both [41].

In opposition to style, content can be understood as the subject matter, theme,
or topics the author writes about.

4.3.2 Problem Formulation

Given a text x, with an original style S, our goal is to rephrase x into a new text x̂ with
a target style S′ (S′ ̸= S) while preserving its content that is independent of style.

Suppose that we have a dataset XS = x(S)
1 , . . . , x(S)

m representing texts in style S.
The task is to transform texts in style S to the target style S′ while maintaining
the original meaning. We denote the output of this transformation by XS→S′ =
x̂1(S′), . . . , x̂m(S′). Similarly, for the inverse transformation from style S′ to style S, we
denote the output as XS′→S = x̂1(S), . . . , x̂n(S).

4.4 Challenges

Modeling the style of text comes with a lot of challenges in practice, which are
discussed in this section.
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No Parallel Data

TST models could be trained with respect to parallel text from a given style or on
non-parallel corpora. Parallel datasets are those which consist of pairs of texts (i.e.
sentences, paragraphs) where each text in the pair expresses the same meaning,
but in a different style. Non-parallel datasets, on the other hand, have no paired
examples to learn from, and simply exist as mono-style corpora. For parallel da-
tasets, TST can be formulated in such a way that instead of translating between
languages, one can translate between styles following machine translation. Howe-
ver, obtaining suitable, sufficient parallel data for each desired style attribute is the
biggest challenge.

Style and content are hard to separate

Style transfer text generation implies the need to distinguish content from style. In
some scenarios, the line between content and style can be blurry. This is since the
subject on which an author is writing can also influence their choice of words and
style. This interweaving of the style and semantics makes TST challenging.

No Standard Evaluation Measures

Evaluating the quality of the style-transferred text is hard. Human evaluation is
regarded as the best indicator of quality, but unfortunately, it is expensive, slow,
and hard to reproduce [42], making it an infeasible approach to use on a daily
basis to validate model performance. For this reason, we often rely on automated
evaluation metrics to serve as a cheap and quick proxy for human judgment.

In the case of automatic evaluation of TST, it has been noticed that when sty-
le transfer accuracy increases, the content preservation scores decrease, and vice
versa [43]. The main reason behind this is the entanglement between the content
and style (see above). This trade-off between style transfer accuracy and content
preservation poses a very big challenge for evaluating TST tasks.

In order to effectively evaluate a TST output, one must pay attention to how se-
mantically accurate the output text is and how fluent it is. The comprehensive TST
evaluation also considers three criteria: transferred style accuracy, semantic preser-
vation, and fluency, which often require human evaluation as automated metrics
alone do not adequately identify these complex properties. Further discussion on
evaluation measures is in Section 4.7.

4.5 Datasets and Benchmarks

To evaluate TST models, many datasets have been proposed over the years. We
discuss a few popular datasets by individual subtasks as follows:
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Politeness Transfer

Politeness transfer aims to control the politeness of a text [44, 45]. A compiled da-
taset with automatically labeled instances from the raw Enron e-mail corpus [46]
was presented by [45]. This dataset mainly focuses on politeness in North American
English.

Sentiment Transfer

Another common task in TST is sentiment transfer (transferring text’s polarity
from positive to negative or vice-versa) [43, 47]. There are three popular datasets
proposed for this task.

• Yelp – This is a corpus consisting of restaurant reviews from Yelp collected
by [38].

• Amazon – This is Amazon’s product reviews that were collected by [39].
• IMDb – This is a movie review dataset constructed by [40].

Formality Transfer

Formality transfer is yet another task in TST which is not only complex but also
involves multiple attributes that affect text formality. Grammarlys Yahoo Answers
Formality Corpus (GYAFC) is the largest human-labeled parallel dataset that was
proposed for formality transfer tasks by [37]. The authors extracted informal sen-
tences from the Entertainment & Music and Family & Relationship domains of the
Yahoo Answers L6 corpus for preparing the dataset.

Author’s Style Re-writing

The task of paraphrasing a sentence to match a specific author’s style is called
author imitation. To tackle such tasks, [48] collected a parallel dataset that captu-
red line-by-line modern interpretations of 16 Shakespeare’s plays, with the help of
the educational site Sparknotes.1 The objective behind collecting the dataset was
to imitate Shakespeares text style by transferring modern English sentences into
Shakespearean-style sentences. This dataset has been used in other TST studies as
well [49, 50].

Image Captions Transfer

The task of transferring image captions from factual formal ones to romantic
and humorous styles was proposed by [9]. Following this, a caption dataset was

1 https://www.sparknotes.com

https://www.sparknotes.com
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collected by the authors where each sentence was labeled as factual, romantic, or
humorous.

Text Simplification

Another important use of TST is to lower the language barrier for readers, which in-
cludes tasks like converting general English into Simple English, based on a dataset
collected from Wikipedia [51]. Another task is to simplify medical descriptions to
patient-friendly text [52].

Political-slant Transfer

Political slant transfer is a task that modifies a writer’s political affiliation writing
style while preserving the content. Comments from Facebook posts from 412 mem-
bers of the United States Senate and House who have public Facebook pages were
collected by [11] and further annotated with each congresspersons political party
affiliation, i.e., Democrat or Republican.

Fixing offensive texts

Correcting offensive and abusive language [53] is another important task of TST
which is a major problem in today’s world, due to the prevalence of abusive com-
ments on social media. Posts from Twitter and Reddit were collected by [54] and
then classified into offensive and non-offensive classes using a classifier pre-trained
on an annotated offensive language dataset.

4.6 Text Style Transfer Approaches

Standard data-driven TST approaches can be classified based on the data used for
training (parallel vs. non-parallel). Recently, new approaches using large language
models (LLMs) emerged that do not specifically need in-domain training data.

4.6.1 Supervised Training on Parallel Data

For situations where style-parallel data is available, like most supervised methods,
a standard sequence-to-sequence model [47, 55, 56] with the encoder-decoder
structure is typically used [24]. This process is similar to machine translation and
text summarization. The encoder-decoder architecture can be implemented by
either LSTM [57] or the Transformer [58] architecture. For example, [49] trained
a sequence-to-sequence model on a parallel corpus and then applied the mo-
del to translate modern English phrases to Shakespearean English. However, the
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application of basic sequence-to-sequence approaches is quite limited due to the
lack of parallel data (see Section 4.4).

4.6.2 Non-parallel Approaches

Methods applicable to non-parallel data can broadly be divided into three
unsupervised approaches:

Prototype Editing

This process works by deleting only the parts of the sentences which represent the
source style and replacing them with words with the target style while making sure
that the resulting text is still fluent. The advantage of this approach is its simplicity
and explainability. For example, [9, 59] found that parts of a text that are associated
with the original style can be replaced with new phrases associated with the tar-
get style. The text was then fed into a sequence-to-sequence model to generate a
fluent text sequence in the target style. However, these approaches are not suitable
for TST applications where simple phrase replacement is not enough or a correct
way to transfer style. The style marker retrieval might not work if the datasets ha-
ve confounded style and contents. This is because they may lead to the incorrect
extraction of style markers, affecting some content words.

Disentanglement

This approach aims at disentangling the text into its content and style in an em-
bedding latent space, then applies generative modeling. TST models first learn the
latent representations of the content and style of the given text. The latent repre-
sentation of the original content is then combined with the latent representation
of the desired target style to generate text in the target style. Techniques such as
back-translation [11, 43, 60] and adversarial learning [13, 38, 61] have been propo-
sed to disentangle latent representations into content and style. In general, total
disentanglement is impossible without inductive biases or some other forms of
supervision [62].

Pseudo-Parallel Corpus Creation

This process is used to train the model in a supervised way by generating pseudo-
parallel data. One way of constructing pseudo-parallel data is through retrieval,
i.e., extracting aligned sentence pairs from two mono-style corpora. [63] construc-
ted pseudo-parallel corpora by matching sentence pairs in two style-specific cor-
pora according to cosine similarity over pre-trained sentence embeddings. The
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constructed pseudo-parallel corpora must reach a certain level of quality to be
useful for TST.

4.6.3 Using Large Language Models

LLMs have revolutionized the field of natural language processing by generating
coherent and contextually relevant text e.g., [64,65]. By learning from vast amounts
of text data, LLMs capture various linguistic styles and nuances. This capability is
particularly beneficial for TST tasks.

A distinctive feature of LLMs is their ability to perform valuable tasks without
fine-tuning, showcasing zero- and few-shot capabilities [66]. Style transfer has been
framed as a sentence rewriting task, enhancing LLMs’ zero-shot performance for
arbitrary TST by using task-related exemplars [67]. A reranking method has been
proposed to select high-quality outputs from multiple candidates generated by the
LLM, thereby improving performance [68]. Additionally, dynamic prompt genera-
tion has been introduced to guide the language model in producing text in the
desired style [69].

While prompt engineering is the prevalent approach [70, 71], LLMs are highly
sensitive to prompts [72, 73] and may not always guarantee optimal performan-
ce [69]. Despite good results for prompting, finetuning the LLMs still leads to
significant performance improvements [74].

4.7 Evaluation Measures

A successful style transfer output is one that portrays the correct target style along
with preserving the original semantics of the text and maintaining natural language
fluency.

4.7.1 Automatic Evaluation

Automatic evaluation metrics provide an economic, reproducible, and scalable way
to assess the quality of generation results. There are several automated evaluation
metrics that have been proposed to measure the effectiveness of TST models [75–
78]. They can be divided into three different categories based on the aspect of TST
they focus on:

Style Transfer Strength

The ability to transfer the text style or the transfer strength of a TST model is mea-
sured using Style Transfer Accuracy [13, 30, 38, 79, 80]. Mostly, a binary style classi-
fier [81] is pre-trained separately to predict the style label of the input sentence and
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is then used to estimate the style transfer accuracy of the transferred style sentence.
This is done by considering the target style as the ground truth.

Content Preservation

In order to measure the amount of original content preserved after the style transfer
procedure, some automated evaluation metrics from other NLG tasks have been
adopted for TST. For instance, the BLEU word-n-gram-overlap metric [82] is com-
puted similarly as with machine translation. Match against a target-style sentence
can be computed when parallel TST datasets or target-style human references are
available. Since most of the TST tasks assume a non-parallel setting and matching
references of style transferred sentences are not always a feasible option, evaluation
using source-BLEU (sBLEU) is adopted. In this method, a transferred sentence is
compared to its source. The overlap with the source is considered a proxy for con-
tent preservation. Cosine Similarity [83] can also be calculated between the original
sentence embeddings and the transfer sentence embeddings [13]. This methodo-
logy follows the idea that the embeddings of the two sentences should be close if
most of the semantics are preserved.

Fluency

One of the most common goals for all NLG tasks is producing fluent outputs. A
common approach to measuring the fluency of a sentence is using a language mo-
del [84]: A pre-trained language model is used to compute the perplexity scores of
the style-transferred sentences to evaluate the sentences’ fluency.

4.7.2 Human Evaluation

Human evaluation stands out from automatic evaluation due to its flexibility and
comprehensiveness. However, this evaluation approach is very challenging since
the interpretation of text style can be subjective and vary from individual to indivi-
dual [75, 76, 78]. In spite of this shortcoming, human evaluations still offer valuable
insights into how well the TST algorithms can transfer style and generate sentences
that are acceptable according to human standards.

In terms of evaluation types, there is point-wise scoring, wherein humans are
asked to provide absolute scores of the model outputs (e.g. on a 1-5 Likert scale),
and pairwise comparison, wherein they are asked to judge which of two outputs is
better, or by providing a ranking for multiple outputs.

4.8 Applications

TST has a wide range of downstream applications in various NLP fields that inclu-
de stylized chatbots [85], stylized writing assistants, automatic text simplification,
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debiasing online text and even fighting against offensive language. A few very
popular examples are discussed below.

[86] carried out a study that showcased the impact of chatbot’s conversational
style on users. [87] encoded personas of individuals in contextualized embeddings
that helped in capturing the background information and style to maintain con-
sistency in the generated responses. [88] focused on generating polite personali-
zed dialog responses in agreement with the user’s profile and consistent with their
conversational history.

Another important application of TST is enhancing the human writing expe-
rience [89–91]. This application aids in people restyling their content to appeal to
a variety of audiences, i.e., making a text polite, humorous, professional, or even
Shakespearean.

Another inspiring application of TST is automatically simplifying content for
better communication between experts and non-expert individuals in certain kno-
wledge domains, thus lowering language barriers. For example, complicated legal,
medical, or technical jargon is transferred into simple terms that a layman can
comprehend [92].

TST can also offer a means to neutralize subjective attitudes for certain texts
where objectivity is strongly needed. For example, in the domains of news, ency-
clopedia, and textbooks. Such applications can help in reshaping gender roles that
are portrayed in writing [93]. TST can also help in transforming hateful sentences
into non-hateful ones. For instance, [94] propose an extension of a basic encoder-
decoder architecture by including a collaborative classifier to deal with abusive
language redaction.

4.9 Ethical Concerns

An essential part of research is to consider the ethical implications of the project
through its potential benefits and risks.

For example, TST has the potential to reduce toxicity, hate speech, sexist and
racist language, aggression, harassment, trolling, and cyberbullying [95]. This task
is beneficial for modeling non-offensive text to help reduce toxicity on social media
platforms [54,96]. It can also be used on social chatbots to make sure there is no bad
content in the generated text [97]. TST is also able to neutralize subjective-toned
language, which can be helpful for certain types of publications such as textbooks
[98].

However, the same technology can also be misused to purposely generate the
opposite attribute, i.e., generating hateful, offensive text, that counters any inten-
ded social benefit [99]. Furthermore, as TST is now generally performed using trai-
ned language models, these inherit all the potential risks associated with this tech-
nology in general, such as reflecting unjust, toxic, or oppressive speech present in
the training data [100].
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The goal of a discussion on ethics is to take into account various concerns like
how a system should be built, who it is intended for, and how to assess its socie-
tal impact [99] [101]. Instead of abandoning the whole idea of building such tools,
one must explore the concerns and find ways to deal with them [102]. This should
be viewed as an opportunity to increase transparency by surfacing the risks and
finding the best ways to its strategy into practice.

4.10 Conclusion

The main goal of this work is to offer an introductory overview of Text Style Trans-
fer (TST), highlighting key components such as subtasks, datasets, evaluation me-
thods, and the challenges inherent to TST. Additionally, we discussed the ethical
considerations surrounding this area of research. We aim for this overview to serve
as a useful guide for those new to the field.
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