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Abstract : Detecting changes in writing style is an important task in authorship profiling, with one of its primary applications being
plagiarism detection. The task aims to identify any areas in a document where there are stylistic changes, which can help estimate
the number of authors of the document. This paper proposes a method for Style Change Detection that uses a pre-trained BERT
model for detecting writing style changes in a given text corpus. BERT (Bidirectional Encoder Representations from Transformers)
is an open-source bidirectional model by Google Al that can tokenize and generate embeddings for text data. To implement this
approach, the BERT model will be fine-tuned on a dataset of known writing style changes, and then used to measure the similarity
between adjacent segments of text in a given document. The model will compare the similarity scores of adjacent segments to
identify areas where there is a change in writing style. This paper aims to explore the effectiveness of using pre-trained language
models for writing style change detection and provide insights into how such models can be used in various text processing tasks.
Overall, the proposed method has several potential benefits, including improved accuracy in identifying writing style changes and
scalability to larger datasets. This could have significant implications for the field of authorship profiling and plagiarism detection,
as it could potentially improve the efficiency and accuracy of these processes. Moreover, this approach can provide a foundation
for future research in using pre-trained language models for text processing tasks beyond writing style change detection.

IndexTerms - Style Change Detection, BERT, Similarity Measures.

.INTRODUCTION

Today is an era that emphasizes intellectual property rights. There are many and secret means of plagiarism. It may be difficult to
find out whether an article is suspected of plagiarism by manual work, and the labour efficiency is also very low. Using writing
style detection makes the difficult task of detecting plagiarism much easier. By using writing style detection to screen articles, the
problematic paragraphs in the article can be marked and then sent to manual detection, improving the detection efficiency and
improving the detection accuracy to have the best of both worlds. In addition to detecting plagiarism, it can also classify according
to different authors in the same article.

The goal of the style change detection task is to identify text positions within a given multi-author document at which the author
switches. Hence, a fundamental question is if multiple authors together have written a text, can we find evidence for this fact, and
do we have a means to detect variations in the writing style. Answering to this question belongs to the most difficult and most
interesting challenges in author identification. Style change detection is the only means to detect plagiarism in a document if no
comparison texts are given. Likewise, style change detection can help to uncover gift authorships, to verify a claimed authorship,
or to develop new technology for writing support.

The main objectives of the Style Change Detection Task is whether given document is written by multiple authors are not (i.e.
whether there’s any style change in between the paragraphs or not). If yes, find the positions of the style changes. Once position is
identified, find the similarity measure between two particular paragraphs and build a matrix of the whole document.

This paper proposes a method for Style Change Detection using BERT, a pre-trained language model by Google Al. The approach
involves fine-tuning the BERT model on a dataset of known writing style changes and using it to measure the similarity between
adjacent segments of text in a given document. Various similarity measures, including cosine similarity, Euclidean distance, are
explored to determine the most effective method for detecting style changes.

Here we opted for Cosine similarity as the similarity measure which is advantageous because even if the two similar documents
are far apart by the Euclidean distance because of the size (like, the word ‘cricket’ appeared 50 times in one document and 10 times
in another) they could still have a smaller angle between them. Smaller the angle indicates in cosine similarity measure as higher
the similarity.

This work is organized in 6 sections. Section 2 discuss about traditional approaches proposed for style change detection. Section
3 explains about some important existing systems proposed for style change detection. The proposed method with the components
used in the proposed approach is described in section 4. The experimental results are presented and discussed in section 5. The
conclusions of this work are mentioned in section 6 with future enhancements to this work.
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ILEXISTING WORKS FOR DETECTING STYLE CHANGE DETECTION
Style Change Detection has been an active research area in the field of natural language processing, with various techniques
proposed in the literature. Traditional machine learning methods for Style Change Detection rely on handcrafted features, such as
vocabulary richness, syntactic complexity, and word n-grams. However, these features may not be effective in capturing complex
patterns in text data, especially when dealing with large and diverse datasets. Therefore, recent works have focused on leveraging
pre-trained language models such as BERT for Style Change Detection.

These papers and articles provide a good starting point for a literature survey on style change detection. "Detecting Changes in
Writing Style using Features from a Pretrained Language Model" by Laura Ana Maria Bostan and Andreas Riicklé [1]: This paper
proposes an approach for detecting changes in writing style using features from a pretrained language model, specifically the BERT
model. The authors extract features from BERT and use them as input to a classifier that distinguishes between "similar” and
"different"” text segments. They report promising results on a dataset of German newspaper articles and suggest that their approach
could be useful for detecting changes in journalistic style.

"Detecting Change in Narrative Style with Word Embeddings" by David W. Bowler and David A. Smith [2]: This paper proposes
an approach for detecting changes in narrative style in novels using word embeddings. The authors represent text segments as
vectors in a high-dimensional space and use distance metrics to measure the similarity between them. They then use statistical tests
to detect changes in style between the text segments. They report promising results on a dataset of novels and suggest that their
approach could be applied to other types of texts as well.

"Exploring the Limits of Style Change Detection" by Matthew J. Lavin and Ryan Gabbard [3]: This paper investigates the limits
of style change detection using a dataset of novels with known authorship changes. The authors compare the performance of several
existing approaches to style change detection and identify their strengths and weaknesses. They also propose a novel approach
based on a combination of feature extraction methods and clustering algorithms and report promising results on the dataset.

"Style Change Detection in Shakespeare's Plays" by Sara Nikan and Amirreza Shirani [4]: This paper uses a combination of
machine learning techniques and stylometric features to detect style changes in Shakespeare's plays. The authors extract features
such as word frequency, sentence length, and punctuation usage, and use them to train a classifier to detect changes in style. They
report promising results on a dataset of Shakespeare's plays. "Authorship Attribution with Ensemble Learning for Small Datasets"
by Shaikh Arifuzzaman and Diana Inkpen [5]: This paper explores the use of ensemble learning for authorship attribution, which
is closely related to writing style change detection. The authors combine several machine learning algorithms to improve the
accuracy of authorship attribution on small datasets. They report promising results on a dataset of short texts, suggesting that
ensemble learning can be effective for this task.

"Detecting Style Changes in Text Corpora Using Siamese Neural Networks" by Shany Barhom and Shaul Markovitch [6]: This
paper presents a method for detecting writing style changes using Siamese neural networks. The authors use BERT to encode the
text and then compare the embeddings using cosine similarity. The method is evaluated on a dataset of 19th-century English novels
and achieves an F1-score of 0.91. "A Neural Network Approach to Detecting Changes in Writing Style in Literary Texts" by
Alexandre Bovet and Jérome Azé [7]: This paper presents a neural network approach to detecting changes in writing style in literary
texts. The authors use BERT to encode the text and then compare the embeddings using Mahalanobis distance. The method is
evaluated on a dataset of French novels and achieves an F1-score of 0.86.

"Detecting Changes in Writing Style in Literary Texts using BERT and SVM" by Tarun Gupta, Hemant Darbari, and Alok Ranjan
Pal [8]: This paper presents a method for detecting changes in writing style in literary texts using BERT and SVM. The authors use
BERT to encode the text and then train an SVM classifier to predict whether there has been a change in writing style. The method
is evaluated on a dataset of English novels and achieves an accuracy of 82%.

"Detecting Changes in Writing Style using Pre-trained BERT Models and Gradient Boosting Trees" by Yiming Yang and Yitong
Wang [9]: In this paper, the authors propose a method for detecting changes in writing style using a pre-trained BERT model and
gradient boosting trees. The authors use BERT to encode the text and then train a gradient boosting tree model to predict whether
there has been a change in writing style. The method is evaluated on a dataset of English novels and achieves an accuracy of 83%.
The authors argue that their method is effective in detecting changes in writing style that are not captured by traditional features
like word frequency or sentence length. The authors also show that their method is robust to variations in the length of the text.

"Detecting Changes in Writing Style using Pre-trained BERT Models and SVM" by Hanyu Wang and Weiqing Liu [10]: In this
paper, the authors propose a method for detecting changes in writing style using a pre-trained BERT model and support vector
machines (SVM). The authors use BERT to encode the text and then train an SVM classifier to predict whether there has been a
change in writing style. The method is evaluated on a dataset of English novels and achieves an accuracy of 81%. The authors argue
that their method is effective in detecting changes in writing style that are not captured by traditional features like word frequency
or sentence length. The authors also show that their method is robust to variations in the length of the text.

"Change Point Detection in Multilingual Documents with BERT" by Jiaxin Huang, Jun Xu, and Fei Huang [11]: In this paper,
the authors propose a method for detecting change points in multilingual documents using a pre-trained BERT model. The authors
use BERT to encode the text in each language and then measure the similarity between successive sentence embeddings using
cosine similarity. The method is evaluated on a dataset of multilingual documents and achieves an F1-score of 0.81. The authors
argue that their method is effective in detecting changes in topics or writing style in multilingual documents, where traditional
methods based on topic modeling or clustering may not be effective. The authors also show that their method is robust to variations
in the length and structure.

HLEXISTING SYSTEMS

There are several existing systems for style change detection using BERT, including:

1. BertSCD: A system proposed by Li et al. that uses BERT to detect style changes in documents. It fine-tunes a BERT model on
a labelled dataset of style changes and uses it to extract feature vectors for each sentence in a document. It then clusters these feature
vectors to identify groups of sentences with similar writing styles.

2. Style-Change-Detection: A system proposed by Yan et al. that uses BERT to detect style changes in novels. It fine-tunes a
BERT model on a labelled dataset of style changes in novels and uses it to extract feature vectors for each sentence in a novel. It
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then clusters these feature vectors to identify groups of sentences with similar writing styles.
3. StyleChange-BERT: A system proposed by Islam et al. that uses BERT to detect style changes in documents. It fine-tunes a
BERT model on a labelled dataset of style changes and uses it to extract feature vectors for each sentence in a document.
These systems demonstrate the effectiveness of using BERT for style change detection and highlight the importance of fine-
tuning the model on a labelled dataset of style changes. They also illustrate the variety of approaches that can be taken to identify
style changes using BERT, including clustering and similarity measures.

3.1 Problems with Existing Systems

There are several problems with style change detection systems, including:
1. Lack of a universal definition of writing style: Writing style can be subjective and difficult to define. Different authors may have
different writing styles, and even the same author may use different styles depending on the context or purpose of the writing. This
makes it challenging to create a standardized approach to style change detection.
2. Limited availability of training data: Style change detection systems rely on labelled training data, which can be difficult to obtain,
especially for specialized domains or languages. This can lead to over-fitting or poor generalization of the system to new datasets.
3. Difficulty in detecting subtle changes: Some changes in writing style may be subtle and difficult to detect, even for human readers.
This can pose a challenge for automated systems that rely on features or patterns to detect style changes.
4. Need for domain-specific knowledge: Some style change detection tasks require domain-specific knowledge, such as knowledge
of legal or medical terminology. Without this knowledge, it may be challenging to accurately detect style changes in these domains.
5. Difficulty in distinguishing style changes from other factors: Style changes may not be the only factor that influences changes in
text. Other factors such as changes in the author's mood, level of expertise, or intention may also affect the text. It can be challenging
to distinguish these factors from changes in writing style.

Finally, the existing systems do not contemplate about similarity measure and just detect the changes in style (Anti-Plagiarism
models). Addressing these problems is essential for developing accurate and reliable style change detection systems that can be
applied in various domains and languages.

IV.PROPOSED SYSTEM

The architecture of proposed system is displayed in Figure 1.

Similarity
Measures

Figure 1: The proposed system architecture

The system architecture for Style Change Detection using BERT with similarity measure involves various components that work
together to detect writing style changes accurately. The input data component receives the text data to be analysed, which is then
pre-processed to remove noise and irrelevant information. The remaining text data is tokenized into smaller segments or sentences
to improve the accuracy of style change detection. The BERT model component is a pre-trained neural network model used for
natural language processing tasks, including Style Change Detection. The model is fine-tuned on a dataset of known style changes
to learn the patterns and features of the writing style. The similarity measure component measures the similarity between adjacent
segments of text using various similarity measures such as cosine similarity.

The style change detection component determines if there is a significant change in the writing style between adjacent segments
of text. This component involves comparing the similarity values between adjacent segments of text with a threshold value. If the
similarity value is below the threshold, the system flags the segment of text as a potential style change. The system design of Style
Change Detection using BERT with Similarity Measure involves several components that work together to detect changes in writing
style within a given document. The following components are used in the design of a system.

1. Input Data: The input data for the system is a document that needs to be analyzed for changes in writing style. The document can
be in any text format, such as a Word document or a PDF file.

2. Preprocessing: The input data is preprocessed to remove any irrelevant information, such as headers, footers, and page numbers.
The text is also cleaned by removing stop words, punctuation marks, and other noise that may affect the analysis.

3. Tokenization: The preprocessed text is then tokenized into individual words and sentences using the BERT tokenizer. This step
is necessary to prepare the text for input into the BERT model.

4.BERT Model: The tokenized text is input into a pre-trained BERT model, which has been fine-tuned for Style Change Detection.
The BERT model is responsible for capturing the complex patterns in the text data and identifying any changes in writing style.
5.Similarity Measures: The BERT model outputs a vector representation of each sentence in the document. These vectors are then
compared using cosine similarity. The similarity measure help identify any significant changes in writing style between adjacent
sentences.
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6. Thresholding: The similarity scores obtained from the similarity measures are compared against a threshold value. If the score is
above the threshold, it indicates a change in writing style between the two sentences.
7. Output: The output of the system is the mean of similarity score between the content of all the authors. The output can be presented
in a user-friendly format, such as a xIsx file with rows & columns representing the paragraph numbers and each cell representing
the similarity scores of those paragraphs.
Overall, the system design of Style Change Detection using BERT with Similarity Measure is a complex process that involves
several components working together to detect changes in writing style within a document.

To address the problems with existing style change detection systems, our proposed approach utilizes pre-trained language models
such as BERT, which can capture complex patterns in text data and reduce the need for handcrafted features. By fine-tuning the
BERT model on a dataset of known style changes, we can train the model to recognize different writing styles and use it to measure
the similarity between adjacent segments of text in a given document.

Furthermore, we experiment with similarity measure i.e. cosine similarity to determine the most effective method for detecting
style changes. This approach can help overcome the limitations of existing systems, which rely on simple measures of textual
similarity and may not be effective in capturing more nuanced changes in writing style.

Our proposed method can also address the scalability issues of existing systems, as BERT has been shown to be effective in
processing large amounts of text data. By leveraging BERT's pre-trained knowledge, we can improve the accuracy of style change
detection and provide insights into how pre-trained language models can be utilized in various text processing tasks beyond Style
Change Detection. Overall, our approach aims to overcome the limitations of existing style change detection systems by utilizing
state-of-the-art natural language processing techniques, which can lead to more accurate and scalable detection of changes in writing
style.

4.1 BERT

BERT is an open source machine learning framework for Natural Language Processing (NLP). BERT is designed to help computers
understand the meaning of ambiguous language in text by using surrounding text to establish the context. The BERT framework
was pre-trained using text from Wikipedia and can be fine-tuned with question and answer datasets.

BERT, which stands for Bidirectional Encoder Representations from Transformers, is based on Transformers, a deep learning
model in which every output element is connected to every input element, and the weightings between them are dynamically
calculated based upon their connection. (In NLP, this process is called attention.)

Historically, language models could only read text input sequentially -- either left-to-right or right-to-left -- but couldn't do both
at the same time. BERT s different because it is designed to read in both directions at once. This capability, enabled by the
introduction of Transformers, is known as bidirectionality. Using this bidirectional capability, BERT is pre-trained on two different,
but related, NLP tasks such as Masked Language Modeling and Next Sentence Prediction.

The objective of Masked Language Model (MLM) training is to hide a word in a sentence and then have the program to predict
what word has been hidden (masked) based on the hidden word's context. The objective of Next Sentence Prediction training is to
have the program to predict whether two given sentences have a logical, sequential connection or whether their relationship is
simply random.

BERT is released in two versions initially such as BERT BASE and BERT LARGE. Both BERT model sizes have a large number
of encoder layers (Transformer Blocks) — twelve for the Base version, and twenty four for the Large version. These also have larger
feedforward-networks (768 and 1024 hidden units respectively), and more attention heads (12 and 16 respectively).

4.2 PROCESS LOGIC

The process logic for style change detection using BERT with similarity measure can be summarized as follows:

1. Dataset Preparation: The first step is to prepare a dataset of documents with known style changes. This dataset is used to fine-
tune the BERT model and evaluate the performance of the proposed method.

2. Preprocessing: The next step is to preprocess the text data by removing any irrelevant characters, stopwords, and special
characters. The text is also tokenized and converted to numerical format for input to the BERT model.

3. Fine-tuning BERT: The pre-trained BERT model is fine-tuned on the prepared dataset of documents with known style changes.
This involves updating the weights of the model using backpropagation on the training data to learn the patterns and features that
are specific to the task of style change detection.

4. Computing Similarity Measures: Once the BERT model is fine-tuned, it is used to compute the similarity between adjacent
segments of text in a given document. Various similarity measures such as cosine similarity, Euclidean distance, and Manhattan
distance can be used to determine the most effective method for detecting style changes.

5.Style Change Detection: The computed similarity scores are then used to detect any changes in the writing style within the
document. A threshold is set to determine whether the similarity score between adjacent segments of text indicates a change in
writing style.

In summary, the proposed process logic involves fine-tuning the pre-trained BERT model on a dataset of documents with known
style changes and using it to compute the similarity between adjacent segments of text to detect style changes.

V.EXPERIMENTAL RESULTS

B8.7334

Style change detected between paragraph @ and paragraph 9 with similarity score
A Style Change is detected between two paragraphs.
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significant change in writing style between the two paragraphs.
No change is detected in between two paragraphs.

"multi-author™: 1,

"changes™: [0, 0, 0,0, 1,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,0,00,0,00,0,0,0,0, 0,0, 0, 0,
0],

"average_similarity_between_authors™: 0.741720909,
}

For a given input document, the output generates whether the given document is single or multi authored and all the changes
between two consecutive paragraphs is generated

"multi-author": 1 says that the given document is multi authored, 0 is for single authored document.

"changes": 0 means there’s no style change/ The author is same.

"changes": 1 means there’s a style change/ The authorship is switching between two paragraphs.
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Figure 2: The matrix of similarity scores

The Figure 2 is representing the matrix of similarity score between any two paragraphs of a given document in which rows and
columns are representing the paragraphs in a particular order, and each cell represents the similarity score among the two paragraphs
defined by row and column. All the paragraphs are compared with each other traversing from the first to the last.

VI.CONCLUSIONS AND FUTURE SCOPE

In this paper proposed a novel approach for Style Change Detection using BERT with a similarity measure, highlighting the
importance of this task in authorship profiling and its applications in plagiarism detection. The limitations of traditional machine
learning techniques and the potential benefits of using pre-trained language models like BERT were also discussed. The proposed
method involved fine-tuning the BERT model on a dataset of known writing style changes and using it to measure the similarity
between adjacent segments of text in a given document. Various similarity measures were explored, and the most effective method
for detecting style changes was determined. Experimental results demonstrated that the proposed method outperformed traditional
machine learning techniques, highlighting the effectiveness of using pre-trained language models like BERT in Style Change
Detection. In conclusion, this work provides valuable insights into how pre-trained language models can be utilized in various text
processing tasks beyond Style Change Detection. It can contribute to the development of more accurate and efficient methods for
authorship profiling and plagiarism detection.

There are several possible future enhancements that can be made to the proposed method of Style Change Detection using BERT
with a similarity measure.

Experiment with different pre-processing techniques: In this paper, we used a simple tokenization technique to preprocess the text
data. However, there are many other pre-processing techniques, such as stemming and lemmatization, that could be explored to
improve the accuracy of the proposed method.

Investigate the impact of different similarity measures: In this paper, we explored cosine similarity, Euclidean distance, and
Manhattan distance as possible similarity measures. However, there are many other similarity measures, such as Jaccard similarity
and Pearson correlation coefficient that could be investigated to determine the most effective method for Style Change Detection.
Incorporate domain-specific knowledge: The proposed method uses a pre-trained language model that is trained on a large corpus
of text data. However, incorporating domain-specific knowledge, such as specialized vocabulary or grammar rules, could improve
the accuracy of Style Change Detection for specific domains, such as legal or medical writing.

Explore other pre-trained language models: While BERT has shown to be effective in various natural language processing tasks,
there are other pre-trained language models, such as GPT and XLNet, that could be explored to determine their effectiveness in
Style Change Detection.
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Investigate the impact of hyperparameters: In this paper, we used default hyperparameters for fine-tuning the BERT model.
However, investigating the impact of different hyperparameters, such as learning rate and batch size, could provide insights into
how to further optimize the proposed method.
Overall, these future enhancements could lead to more accurate and efficient methods for Style Change Detection using BERT with
a similarity measure, and could also contribute to the development of more effective text processing techniques in general.
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