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Abstract

Artificial Intelligence (Al) is revolutionizing numerous fields, including education, by
enabling the creation of highly sophisticated and coherent texts through advanced language
models. This technological advancement presents a dual-edged sword for educational
institutions: while it offers new opportunities for learning and content creation, it also raises
significant challenges regarding academic integrity. Students can now easily utilize Al tools
to complete their assignments, thereby blurring the lines between genuine learning and

academic dishonesty.

This research aims to address the critical issue of detecting Al-generated texts to ensure
the authenticity of academic work and the accurate assessment of students' knowledge and
skills. By developing a model specifically designed to distinguish between human-written and
Al-generated texts, we seek to uphold the integrity of academic evaluations. Our approach
involves leveraging state-of-the-art Al models, such as AraBERT and transformers, to train

the detection model.

The study will encompass a comprehensive review of existing literature on Al content
creation and detection, detailed analyses of the distinctive features of Al-generated texts, and
the application of advanced techniques to identify these features. We will conduct
experiments to test the effectiveness of our model and discuss the results obtained. Through
this research, we aim to contribute valuable insights and practical solutions to the ongoing

challenge of maintaining academic honesty in the age of Al.



Résumeé

L'intelligence artificielle (IA) révolutionne de nombreux domaines, y compris
I'éducation, en permettant la création de textes tres sophistiqués et cohérents grace a des
modeles de langage avancés. Ce progres technologique présente une épée a double tranchant
pour les institutions éducatives : bien qu'il offre de nouvelles opportunités d'apprentissage et
de création de contenu, il souleve également des défis significatifs en matiére d'intégrité
académique. Les étudiants peuvent désormais utiliser facilement des outils d'l1A pour
compléter leurs devoirs, brouillant ainsi les frontiéres entre I'apprentissage authentique et la

malhonnéteté académique.

Cette recherche vise a aborder le probléme crucial de la détection des textes générés par
I'lA afin de garantir l'authenticité des travaux académiques et une évaluation précise des
connaissances et des compétences des étudiants. En developpant un modele spécifiqguement
congu pour distinguer les textes rédigés par des humains de ceux générés par I'lA, nous
cherchons a préserver lintégrité des évaluations académiques. Notre approche consiste a
exploiter des modéles d'lA de pointe, tels qu'AraBERT et les transformateurs, pour entrainer

le modéle de détection.

L'étude comprendra une revue exhaustive de la littérature existante sur la création et la
détection de contenus générés par I'lA, des analyses détaillées des caractéristiques distinctives
des textes générés par I'lA, et l'application de techniques avancées pour identifier ces
caractéristiques. Nous menerons des expériences pour tester l'efficacité de notre modéle et
discuterons des résultats obtenus. A travers cette recherche, nous visons & apporter des
perspectives précieuses et des solutions pratiques au défi permanent de maintenir I'nonnéteté

académique a I'ére de I'lA.
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General Introduction

1. Context of the Project

Modern education is undergoing a dramatic transformation due to the rapid
advancements in artificial intelligence (Al) technologies, which are now capable of generating
coherent and highly sophisticated texts. This transformation presents new challenges for
educators and educational institutions, as students can use Al tools to complete their
assignments, blurring the line between genuine learning and academic dishonesty. In the
current context, the creation of automated content using Al technologies has become
accessible to a wide audience, including students, raising serious questions about academic
integrity and the ability of educational institutions to accurately evaluate academic
performance. The proliferation of these technologies underscores the urgent need to develop

effective tools and strategies for identifying Al-written assignments.
2. Problem Statement

The critical issue facing modern education is the detection of Al-generated work to
ensure academic integrity and the accurate assessment of students' knowledge and skills. As
Al tools become increasingly accessible, students can easily use them to generate
assignments, which complicates the evaluation process. This not only threatens the
authenticity of academic work but also challenges educational institutions in maintaining fair
and accurate assessments of student performance. The growing use of Al for assignment
completion necessitates the development of reliable methods to distinguish between Al-

generated and human-produced texts.
3. Objectives

In order to propose an innovative solution that responds to the problem posed, we will
aim to introduce a tool designed to detect Al-generated texts in homework assignments. This

will involve:

1. Discussing key concepts and presenting the state of the art in Al and automated

content creation.

2. Examining common techniques used to generate content with Al.
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3. Reviewing current and innovative methods for detecting Al-generated texts.
5. Discussing the limitations of these methods and the challenges they face.

6. Concluding with recommendations and areas for consideration regarding the future

of academic assessment in the era of Al.

By addressing these objectives, the research aims to contribute to the fight against Al-

facilitated academic dishonesty and ensure the quality and integrity of academic work.

4. Thesis structure

Apart from the introduction and the general conclusion, this thesis is made up of three

other chapters organized as follows:

Chapter 1: In this chapter, we will provide comprehensive definitions of Machine Learning
and Deep Learning. We will explore the fundamental concepts and principles behind these
technologies, and examine the key differences between Deep Learning and Machine

Learning, highlighting their unique features, applications, and implications in the field of Al.

Chapter 2: In this chapter, we will delve into several key areas related to Al-generated texts.
We will explore the concept of Large Language Models and their role in producing Al-
generated texts. We will examine the various applications of Al-generated texts, as well as the
methods used for detecting Al-generated content. Additionally, we will discuss the
characteristics of human-generated texts and how they can be recognized and differentiated
from Al-generated texts. This chapter will also address how Al mimics the student mind for
text crafting, the current limitations of Al in understanding the human mind, and the

increasing prevalence of Al-generated texts in homework assignments.

Chapter 3: in this final chapter, we will thoroughly present our approach, detailing each
aspect. We will also describe the experiments conducted as part of our work and discuss the

various results obtained.
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Chapter 1: Deep learning

1. Introduction

In the ever-evolving landscape of technology, one phenomenon stands out as a beacon of
innovation: Artificial Intelligence (Al). The journey of Al development has been nothing
short of remarkable, marked by leaps of progress and groundbreaking discoveries. At the
heart of this transformative evolution lies Machine Learning, a subset of Al that empowers
systems to learn from data and improve over time. Yet, within the vast realm of Machine
Learning, one breakthrough shines particularly bright: Deep Learning. Representing the
pinnacle of Al advancement, Deep Learning models emulate the human brain's neural
networks, enabling machines to process complex data with unprecedented accuracy and
efficiency. As we delve into the depths of Deep Learning, we uncover not just a technological
marvel, but a paradigm shift poised to redefine countless industries and reshape the very

fabric of our future.
2. Machine learning

ML is a branch of computer science and artificial intelligence (Al) that focuses on using
data and algorithms to enable Al systems to recreate human learning. ML makes it possible
for Al systems to gradually improve their accuracy over time. In order to do this, it analyzes
vast amounts of data, looks for patterns, and bases judgments or predictions on those patterns.
Essentially, machine learning techniques allow computers to improve their performance, learn
from data, and make predictions or judgments without requiring explicit programming for
each task. Chatbots, predictive text, language translation software, tailored suggestions on
streaming services like Netflix, and enhanced content display on social media feeds are a few
typical uses for machine learning. Furthermore, machine learning (ML) drives cutting-edge
technology like self-driving cars and image-based medical diagnosis systems that can

recognize a wide range of illnesses. (1)

According to Thomas W. Malone, a professor at MIT Sloan and the founding director of
the MIT Center for Collective Intelligence, "machine learning has become a critical way,
arguably the most important way, most parts of Al are done in just the last five or ten years."
"Therefore, the majority of the current advancements in Al have involved machine learning.

This is why some people use the terms Al and machine learning almost interchangeably." (2)
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Everyone in business will probably come across machine learning because it is becoming
more and more commonplace, so having a basic understanding of the subject is essential.
According to a 2020 Deloitte survey, 97% of businesses either currently utilize machine

learning or plan to do so in the upcoming year. Of them, 67% employ it. (2)
2.1. Mechanics of machine learning
This is an explanation of how machine learning works based on the steps provided: (1)

2.1.1. Data Collection

The first step in the machine learning process is gathering data. A variety of sources,
including databases, text files, photos, audio files, and the internet, are used to collect data.
The performance of the model is directly impacted by the caliber and volume of the data that

was gathered.

2.1.2. Data Preprocessing

The data must be prepared for machine learning after it has been collected. Data
preprocessing includes handling missing data (filling it in or eliminating it), cleaning the data
(removing duplicates, fixing errors), and normalizing the data (scaling it to a standard format).
Making ensuring the data is in the right format for the machine learning model is the goal of

preprocessing.
2.1.3. Choosing the Right Model

The right machine learning model must be chosen when the data is prepared. One can
select from a variety of models, including decision trees, neural networks, and linear
regression. The decision is based on variables such as the type of data and the issue being

resolved.

2.1.4. Training the Model

The prepared data is used to train the chosen model. The model modifies its internal
parameters during training in order to improve output prediction. To guarantee that the model
performs effectively when applied to fresh data, overfitting and underfitting must be avoided

during training.
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2.1.5. Evaluating the Model

The model is trained on new, untrained data, and its performance is assessed. Depending
on the kind of problem being solved, common evaluation measures include accuracy,

precision, recall, and mean squared error.
2.1.6. Hyperparameter Tuning and Optimization

To enhance the model's performance, its hyperparameters might need to be changed. To
determine the ideal set of parameters for hyperparameter tuning, methods like cross-validation

and grid search are employed.
2.1.7. Predictions and Deployment

The model is prepared to make predictions on fresh data after it has been trained and
tuned. The model is put to use in a real-world setting where it can process and deliver insights

in real time from real data.

Machine learning is based on this iterative process of gathering data, preparing it,

choosing a model, training it, evaluating it, and deploying it.
2.2. Support Vector Machine

A support vector machine (SVM) is a machine learning algorithm that uses supervised
learning models to solve complex classification, regression, and outlier detection problems by
performing optimal data transformations that determine boundaries between data points based
on predefined classes, labels, or outputs. SVMs are widely adopted across disciplines such as
healthcare, natural language processing, signal processing applications, and speech & image

recognition fields.

Technically, the primary objective of the SVM algorithm is to identify a hyperplane that
distinguishably segregates the data points of different classes. The hyperplane is localized in

such a manner that the largest margin separates the classes under consideration.

The support vector representation is shown in the figure below:
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Figure 1: SVM Optimize Margin between Support Vectors or Classes

As seen in the above figure, the margin refers to the maximum width of the slice that
runs parallel to the hyperplane without any internal support vectors. Such hyperplanes are
easier to define for linearly separable problems; however, for real-life problems or scenarios,
the SVM algorithm tries to maximize the margin between the support vectors, thereby giving

rise to incorrect classifications for smaller sections of data points.

SV Ms are potentially designed for binary classification problems. However, with the rise
in computationally intensive multiclass problems, several binary classifiers are constructed
and combined to formulate SVMs that can implement such multiclass classifications through

binary means.

In the mathematical context, an SVM refers to a set of ML algorithms that use kernel
methods to transform data features by employing kernel functions. Kernel functions rely on
the process of mapping complex datasets to higher dimensions in a manner that makes data
point separation easier. The function simplifies the data boundaries for non-linear problems

by adding higher dimensions to map complex data points.


https://www.spiceworks.com/tech/artificial-intelligence/articles/top-ml-algorithms/
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While introducing additional dimensions, the data is not entirely transformed as it can act
as a computationally taxing process. This technique is usually referred to as the kernel trick,

wherein data transformation into higher dimensions is achieved efficiently and inexpensively.

The idea behind the SVM algorithm was first captured in 1963 by Vladimir N. Vapnik
and Alexey Ya Chervonenkis. Since then, SVMs have gained enough popularity as they have
continued to have wide-scale implications across several areas, including the protein sorting

process, text categorization, facial recognition, autonomous cars, robotic systems, and so on.
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Figure 2: Kernel

2.3. Decision Tree

A decision tree is a tree-like graph with nodes representing the place where we pick an
attribute and ask a question, edges represent the answers to the question, and the leaves
represent the actual output or class label. They are used in non-linear decision making with

simple linear decision surface.

Decision trees classify the examples by sorting them down the tree from the root to some
leaf node, with the leaf node providing the classification to the example. Each node in the tree
acts as a test case for some attribute, and each edge descending from that node corresponds to
one of the possible answers to the test case. This process is recursive in nature and is repeated

for every subtree rooted at the new nodes.
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Let's illustrate this with help of an example. Let's assume we want to play badminton on
a particular day say Saturday how will you decide whether to play or not. Let's say you go out
and check if it's hot or cold, check the speed of the wind and humidity, how the weather is, i.e.
is it sunny, cloudy, or rainy. You take all these factors into account to decide if you want to

play or not.

‘ Weather

B _.,-""-. | T —
_Sunny Cloudy Rainy .

‘ Humidity ‘ Yes ‘ Wind ‘

————
e \\ e .
High Normal Strong Weak
~ o

/ \\\ ,// \\\
No Yes No Yes

Figure 3: A decision tree for the concept Play Badminton

Figure 3 illustrates a learned decision tree. We can see that each node represents an
attribute or feature and the branch from each node represents the outcome of that node.
Finally, it’s the leaves of the tree where the final decision is made. If features are continuous,

internal nodes can test the value of a feature against a threshold.
2.4. Naive Bayes

Naive Bayes belongs to a family of generative learning algorithms, aiming to model
the distribution of inputs within a specific class or category. Unlike discriminative
classifiers such as logistic regression, it doesn’t learn which features are most crucial for
distinguishing between classes. It’s widely used in text classification, spam filtering, and

recommendation systems.

It is a classification technique based on Bayes’ Theorem with an independence
assumption among predictors. In simple terms, a Naive Bayes classifier assumes that the

presence of a particular feature in a class is unrelated to the presence of any other feature.

10
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The Naive Bayes classifier is a popular supervised machine learning algorithm used
for classification tasks such as text classification. It belongs to the family of generative
learning algorithms, which means that it models the distribution of inputs for a given
class or category. This approach is based on the assumption that the features of the input
data are conditionally independent given the class, allowing the algorithm to make

predictions quickly and accurately.

In statistics, naive Bayes are simple probabilistic classifiers that apply Bayes’
theorem. This theorem is based on the probability of a hypothesis, given the data and
some prior knowledge. The naive Bayes classifier assumes that all features in the input
data are independent of each other, which is often not true in real-world scenarios.
However, despite this simplifying assumption, the naive Bayes classifier is widely used

because of its efficiency and good performance in many real-world applications.

Moreover, it is worth noting that naive Bayes classifiers are among the simplest
Bayesian network models, yet they can achieve high accuracy levels when coupled with
kernel density estimation. This technique involves using a kernel function to estimate the
probability density function of the input data, allowing the classifier to improve its
performance in complex scenarios where the data distribution is not well-defined. As a
result, the naive Bayes classifier is a powerful tool in machine learning, particularly in

text classification, spam filtering, and sentiment analysis, among others.

Enfin, la division des données en ensembles d'entrainement et de test est cruciale pour

évaluer correctement les performances du modele.

11
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Figure 4: Naive Bayes

2.5. Logistic Regression

Logistic regression is used for binary classification where we use sigmoid function that

takes input as independent variables and produces a probability value between 0 and 1.

For example, we have two classes Class 0 and Class 1 if the value of the logistic
function for an input is greater than 0.5 (threshold value) then it belongs to Class 1
otherwise it belongs to Class 0. It’s referred to as regression because it is the extension

of linear regression but is mainly used for classification problems.

« Logistic regression predicts the output of a categorical dependent variable.

Therefore, the outcome must be a categorical or discrete value.

« It can be either Yes or No, 0 or 1, true or False, etc. but instead of giving the exact

value as 0 and 1, it gives the probabilistic values which lie between 0 and 1.

« In Logistic regression, instead of fitting a regression line, we fit an “S” shaped

logistic function, which predicts two maximum values (0 or 1).
3. Deep learning

According to specialists like Andrew Ng, deep learning is a paradigm change in machine
learning. Its ability to allow algorithms to autonomously learn data representations over
several levels of abstraction sets it apart from conventional methods. Deep learning models

perform better on tasks like picture recognition, speech synthesis, and natural language
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understanding because of their hierarchical representations, which enable the models to grasp

intricate patterns and features in the data.

Deep learning's capacity to use enormous Vvolumes of data to build incredibly
complicated models is one of its main features. In fields like computer vision, where deep
learning models have outperformed humans in tasks like object detection and image

categorization, this data-driven methodology has produced advances.

Deep learning has also made Al technology more accessible to academics, developers,
and practitioners globally, democratizing access to this field. TensorFlow and PyTorch are
two examples of open-source frameworks and libraries that have reduced the barrier to entry

for deep learning model experimentation, encouraging community creativity and cooperation.

All things considered, deep learning is a disruptive force in artificial intelligence that has
the ability to change entire sectors, enhance healthcare results, and solve some of the most
important problems facing civilization. It is a key component of contemporary Al research

and applications because of its capacity to learn from data and adapt to new jobs. (3)(4)
3.1. The importance of deep learning

DL matters profoundly due to its unparalleled ability to uncover intricate patterns in vast
datasets, revolutionizing industries and propelling us towards a future where machines

possess profound understanding and intelligence. (4) (5) (7)
3.1.1. Advanced Capabilities

Data scientists and developers can train computers to evaluate large and complex
datasets, carry out challenging and nonlinear tasks, and reply to text, voice, or images with
exceptional speed and accuracy thanks to deep learning software. These talents frequently

surpass human competence, resulting in innovations across a range of disciplines.

3.1.2. Practical Applications

Many contemporary advancements, like the ability of driverless cars to process photos

and recognize pedestrians on the road and the voice-activated smart home gadgets to

13
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comprehend and react to orders, are made possible by deep learning. These apps increase user

experience, safety, and convenience, which encourage uptake and integration into daily life.
3.1.3. Driving Innovation

Businesses in a variety of industries, including retail, healthcare, transportation,
manufacturing, and technology, are investing in deep learning to spur innovation as data
volumes continue to rise and processing capacity becomes more potent and reasonably priced.
Organizations can stay competitive in quickly changing markets by using deep learning to

optimize processes, unlock opportunities, and improve operations.
3.1.4. Democratizing Access

Al technology is becoming more widely available to academics, developers, and
practitioners across the globe thanks to deep learning. Deep learning model experimentation is
now easier to get started with thanks to open-source frameworks and libraries like
TensorFlow and PyTorch, which promote creativity, teamwork, and community-driven

innovation.
3.1.5. Transformative Potential

Artificial intelligence is undergoing a paradigm shift with deep learning, which has the
ability to transform whole industries, enhance healthcare outcomes, and solve some of the
most important social issues. It is a mainstay of modern Al research and applications,
fostering advancement and creativity in the area thanks to its ability to learn from data and

adapt to new tasks.
3.2. Deep learning architecture

Neural network architectures serve as the foundation for deep learning models. A neural
network, which takes its cues from the human brain, is made up of layered structures of
interconnected nodes or neurons that translate inputs into the intended outputs. Hidden layers
in a neural network are the layers of neurons that lie between the input and output layers.
Typically, the phrase "deep" describes how many hidden layers a neural network has.

Thousands or even hundreds of hidden layers are possible in deep learning models. (5)

14
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Large labeled data sets are used to train deep learning models, which can frequently
extract features directly from the data without the need for manual feature extraction.
Although the concept of the first artificial neural network dates back to 1958, deep learning
necessitates a significant amount of processing power that was not accessible until the 2000s.
These days, hundreds of connections and neurons may be built and trained in networks thanks

to the processing power available to researchers. (5)

Hidden Hidden Hidden
Input layer 1 layer 2 layer 3
layer
Qutput
layer
%
p—

Figure 5: Typical neural network architecture

Deep learning is made efficient by the parallel architecture of high-performance GPUSs.
Development teams can use this to cut the training time of a deep learning network from

weeks to hours or less when paired with cloud computing or clusters. (5)
3.3. Types of deep learning

There are numerous varieties of artificial intelligence neural networks, and each one is
appropriate for a particular deep learning application. Here are a few examples of popular Al
neural networks: (3) (5) (6)

3.3.1. Convolutional Neural Network (CNN)

CNNs comprise convolutional layers followed by pooling layers, reducing spatial

dimensions while preserving features. Using filters, they capture spatial hierarchies for pattern
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recognition. Techniques like batch normalization and dropout prevent overfitting. Transfer
learning fine-tunes pre-trained models for specific tasks due to computational complexity.
CNNs extend beyond images to domains like speech recognition and time series analysis,

benefiting from grid-like data structures.

3.3.2. Deconvolutional Neural Network (DNN)

Deconvolutional layers alternatively termed inverse or transposed convolutions, play a
vital role in upscaling feature maps to their original input dimensions. Deep Neural Networks
(DNNs) leveraging these layers excel in tasks like image super-resolution, enhancing the
quality of low-resolution images. Furthermore, they find utility in tasks such as image
inpainting, intelligently filling in missing portions of images based on surrounding context.
To preserve fine details and mitigate information loss during upscaling, DNN architectures

frequently integrate skip connections, ensuring the fidelity of reconstructed outputs.

3.3.3. Generative Adversarial Network (GAN)

GANSs consist of a generator network synthesizing fake data and a discriminator
distinguishing real from fake data. The generator aims to replicate real samples, while the
discriminator enhances its ability to differentiate. However, training can be unstable due to
adversarial struggle. Variants like conditional GANs condition data on specific inputs, and

Wasserstein GANSs stabilize training using Wasserstein distance.

3.3.4. Recurrent Neural Network (RNN)

Recurrent Neural Networks (RNNs) maintain a hidden state evolving over time,
capturing temporal dependencies in sequential data. However, they face the vanishing
gradient problem limiting their ability to capture long-range dependencies. Popular variants
like LSTM and GRU address this, while Bidirectional RNNs process sequences in both
directions, enhancing their effectiveness. Widely used in tasks like machine translation and

sentiment analysis, RNNs remain pivotal in sequential data processing.

3.3.5. Transformers

Transformers, representing a monumental advancement in neural network architecture,

have fundamentally reshaped the landscape of sequential data processing. Their reliance on
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self-attention mechanisms enables them to dynamically evaluate the significance of different
elements within a sequence, thereby vastly enhancing their ability to capture intricate and
long-range dependencies. These architectures typically comprise multiple layers of self-
attention and feedforward neural networks, facilitating the extraction of nuanced patterns and
relationships embedded within input sequences. The inherent flexibility of attention
mechanisms empowers transformers to model complex interactions between distant elements
within a sequence, making them uniquely suited for tasks demanding a deep understanding of
contextual information, particularly evident in the domain of natural language processing
(NLP). Remarkably, large-scale transformer models like GPT-3 have demonstrated
unprecedented capabilities in NLP, exhibiting the capacity to generate contextually coherent
text across an extensive range of tasks and domains. Beyond their initial application in NLP,
transformers have transcended disciplinary boundaries, finding utility in domains such as
image processing and time series forecasting. This adaptability stems from the ability to
restructure input data into a sequence format, thereby extending the transformative potential
of transformers across a myriad of applications. As a result, transformers stand as a pinnacle
of innovation, driving advancements in artificial intelligence and reshaping the landscape of

machine learning across diverse fields and industries.
3.4. Applications of deep learning

Self-driving cars have seamlessly integrated into our roadways, guided by the intricate
workings of deep learning algorithms. These algorithms empower vehicles to adeptly
recognize and respond to the dynamic environment, detecting other vehicles, navigating
around obstacles, and ensuring pedestrian safety. Meanwhile, the rise of deep learning
chatbots, exemplified by Chat-GPT, has revolutionized human-computer interaction, offering
swift and accurate responses to natural language queries. Their prowess stems from vast
datasets, enabling them to emulate human intelligence with remarkable fidelity. In the realm
of facial recognition, deep learning algorithms stand as sentinels, effortlessly identifying
individuals amidst varying conditions, be it the glare of dim lighting or the addition of facial
hair. This technology underpins crucial functions ranging from social media tagging to
bolstering security protocols. Moreover, in the ever-evolving landscape of medical science,
machine learning's integration with genomic research has unlocked new frontiers. It facilitates
the development of tailored medications and enables precise diagnoses, particularly in the

detection of diseases like malignancies. Furthermore, the evolution of speech recognition
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powered by deep learning has transformed how we interact with technology. Through the

analysis of vast audio datasets, these systems decipher speech nuances, discern tones, and

even identify distinct speakers, amplifying the spectrum of possibilities in human-computer

communication. (9)

4. The difference between Deep Learning and Machine Learning

Machine learning and deep learning both are subsets of artificial intelligence but there are

many similarities and differences between them, this table illustrates that: (10) (11)

Aspect

Machine Learning

Deep Learning

Definition

Subset of Al where
algorithms learn from data
and make predictions or
decisions without being

explicitly programmed.

Subset of machine learning
that uses artificial neural
networks to learn from data

and make complex decisions.

Learning Approach

Learns from labeled or
structured data through
statistical techniques and

algorithms.

Learns from unlabeled or
unstructured data,
automatically extracting

hierarchical features.

Model Complexity

Typically simpler models,
such as decision trees,
support vector machines, or

linear regression.

Involves complex models,
such as deep neural networks

with multiple layers.

Feature Engineering

Often requires manual
feature engineering to extract
relevant features from the
data.

Automatically learns features
from the data, eliminating the
need for extensive feature

engineering.
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Data Requirements

Can work well with smaller

datasets and structured data.

Requires large volumes of
data, especially unstructured
data like images or text, for

effective training.

Performance

Performance may plateau
with limited data or complex
tasks.

Can achieve state-of-the-art
performance on tasks like
image recognition, natural
language processing, and

speech recognition.

Interpretability

Models are often
interpretable, making it
easier to understand how

predictions are made.

Models can be highly
complex and less
interpretable, making it
challenging to understand

internal representations.

Training Time

Training times can vary
depending on the complexity
of the model and the size of
the dataset.

Training deep learning
models can be
computationally intensive
and may require significant

time and resources.

Hardware Requirements

Can be trained on standard
CPUs and may not require

specialized hardware.

Often trained on GPUs or
specialized hardware
accelerators due to

computational demands.

Applications

Widely used in various
domains, including finance,
healthcare, marketing, and

recommendation systems.

Commonly used in tasks like
image recognition, natural
language processing, speech

recognition.

Table 1: The difference between DP & ML
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5. Conclusion

In conclusion, the direction of technological innovation is evident, ranging from the
fundamental ideas of artificial intelligence to the complex mechanisms of machine learning
and the significant developments of deep learning. It is clear that the creation and broad
application of deep learning mark a turning point in human history as we stand on the brink of
an Al-driven future. Deep learning, with its ability to extract previously unattainable insights
from data and transform businesses worldwide, is a monument to humanity's constant quest
for knowledge and advancement. Deep learning and other Al technologies have limitless
potential as we continue to explore them. They hold the key to a future rich in creativity,

efficiency, and unmatched discovery.
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1. Introduction

Recent advancements in large language models (LLMs) have notably enhanced the
quality of synthetic text data. By mimicking human writing patterns, LLMs generate text that
closely resembles natural human language, thereby eliciting significant ethical, moral, legal,

social, and economic concerns across various industries.

In recent years, significant progress has been made in text generation. The latest text
generation models are revolutionizing the domain by generating human-like text. It has gained
wide popularity recently in many domains like news, social networks, movie scriptwriting,
and poetry composition, to name a few. The application of text generation in various fields

has resulted in a lot of interest from the scientific community in this area.
2. The Large Language Model

The number of commercial and open LLM providers has exploded in the last 2 years, and
there are now many options to choose from for all types of language tasks. And while the
main way of interacting with LLMs is still via APIs and rudimentary Playgrounds, | expect
that an ecosystem of tooling that helps accelerate their wide adoption will be a growing

market in the near future.

Below is a graphic depicting the current Large Language Model (LLM) landscape in

terms of functionality, offerings and the tooling ecosystem. (17)

e Large Language Models (LLMs) functionality can be segmented into five areas:
Knowledge Answering, Translation, Text Generation, Response Generation and
Classification.

e Classification is arguably the most important to today’s enterprise needs, and text
generation the most impressive and versatile.

« The commercial offerings and more general offerings are Cohere, GooseAll,
OpenAl and Al21labs. GooseAl currently only focuses on generation.

« The open-source offerings are Sphere, NLLB, Blender Bot, DialoGPT, GODEL
and BLOOM.

 The tooling ecosystem is still in a nascent state with many areas of opportunity.
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Figure 6: Large language models

2.1. Understanding Large Language Models

Language models in natural language processing (NLP) are typically statistical models
used to assign probabilities to sequences of words or tokens in a given language. For instance,
a language model trained on English can predict the next word in a sentence based on the
preceding words. For example, given the input "I am going to the,” the model might predict
"store” as the next word with a high probability. These models are trained using various
techniques such as recurrent neural networks (RNNSs), long short-term memory networks

(LSTMs), transformers, and others.

Large Language Models (LLMs) are a specific type of language model designed to
generate vast amounts of text that closely resembles human-written content. They achieve this
through techniques like few-shot learning, where they can produce coherent and contextually

relevant text with minimal input. (ChatGPT)
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Large Language Models (LLMs) have reached a point where they can generate text that
is remarkably contextually relevant, coherent, and often indistinguishable from human-
generated text. This impressive performance leap, attributed to their training on massive
datasets, has popularized the notion that "scale is all you need" within segments of the
machine learning community. This phrase humorously references the influential "Attention is
all you need" paper by Google but underscores a crucial observation. It suggests that by
continually scaling up data and network sizes, we can expect ongoing performance
enhancements similar to what we've witnessed so far. However, whether these scaling effects

will eventually level off remains an open question in current research. (ChatGPT)
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2.2. Large Language Model Architecture

The architecture of an LLM varies depending on the specific implementation. However,
most LLMs use a transformer-based architecture, which is a deep learning architecture that
was first introduced in the Attention is All You Need paper in 2017. Transformers have
become the dominant architecture for large-scale language models because of their ability to
handle long-range dependencies and capture contextual information more effectively. They
are also inherently scalable as the processing of different tokens can be achieved in parallel,
which has been a key enabler for organizations building these models that are willing to invest

in larger compute.

Transformers work by processing a sequence of input tokens (words, characters, etc.) and
computing a representation for each token that captures its meaning in the context of the
entire sequence. This is achieved through a mechanism called self-attention, which allows the
model to weigh the importance of each token in the sequence when computing its
representation. The self-attention mechanism allows the transformer to capture long-range

dependencies and to learn context-aware representations of each token.
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In addition to self-attention, transformers also use feedforward neural networks to

process the representations of each token and generate the final output. (18)
2.3. Applications of Large Language Models

Although the use of LLMs in production is a relatively new concept, it is becoming clear
that LLMs have a wide range of potential applications in NLP and related fields. Some of the

most common applications include (17):
2.3.1. Language Generation

LLMs can generate contextually relevant and coherent text in response to a prompt or a
question. This has led to the development of language generation applications, such as

chatbots and virtual assistants that can interact with users in natural language.
2.3.2. Text Classification

LLMs can classify text into different categories, such as sentiment analysis or topic
modeling. This can be useful in applications such as social media monitoring or content

moderation.
2.3.3. Machine Translation

LLMs can translate text from one language to another, making it easier for people to

communicate across different languages.
2.3.4. Text Summarization

LLMs are excellent at summarizing large texts into smaller chunks, which can help users

in a variety of different communications contexts. (20)
3. Al-Generated Texts

Text-generated Al is a technology that utilizes artificial intelligence models, such as
neural networks, to automatically and intelligently produce text. These models are trained on
vast datasets of text to learn the structures, styles, and patterns of human language. Once

trained, these models can generate text that appears to be written by a human, whether it's to

26



Chapter 2: Automatic Al generated text detection

answer questions, create narrative content, poems, scripts, blog posts, reports, and various
other types of texts. (12)(13)

3.1. Language Models

Language models are the backbone of text generation Al. These models are typically
based on neural network architectures such as recurrent neural networks (RNNs), long short-
term memory networks (LSTMSs), or transformer-based models like GPT (Generative Pre-

trained Transformer) developed by OpenAl. (13)
3.2. Training on Large Datasets

For these models to be capable of generating text coherently and meaningfully, they need
to be trained on huge datasets of textual data. These datasets can include books, articles,
websites, dialogue databases, and other textual sources available online or provided by the
user. (13)

3.3. Fine-tuning

After initial training on large datasets, these models can be fine-tuned for specific tasks
or domains. For example, a model can be trained specifically for generating medical, legal, or

financial content. (13)
3.4. Text Generation

Text Generation in Natural Language Processing (NLP) is a pivotal field that merges
computational linguistics and artificial intelligence to produce new, contextually accurate text.
This process involves creating syntactically and semantically sound synthetic text,
showcasing the Meta capability of Large Language Models (LLMs). LLMs excel in text
generation, leveraging either a few-shot learning approach or specific prompts to craft tailored
responses. The effectiveness of text generation hinges on model complexity and training
quality, often resulting in text that is remarkably convincing and indistinguishable from
human-written content. This capability is instrumental across various applications,
underlining the sophistication and potential of LLMs in transforming how we interact with
and generate textual content. (13)(17)(20)(ChatGPT)
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3.5. Quality Control

While these models are highly effective, it's important to note that they're not perfect.
The quality of generated text can vary depending on several factors such as the quality of

training data, the complexity of the task, and how the model is used. (13)
4. Applications of Al-Generated Texts

Text-generated Al is used in several ways across different domains. Here are some

examples of its usage (12) (13):
4.1. Journalism

Text-generated Al is used to generate articles on news topics. This ranges from sports
reporting to financial analysis, and some readers may struggle to distinguish these articles

from those written by human journalists.
4.2. Literature

Writers use Al to generate ideas or even first drafts of novels. This opens up new creative

possibilities while raising questions of literary originality and authenticity.
4.3. Writing Assistance

Text-generated Al can assist writers by providing suggestions, completing sentences,
correcting grammar and spelling errors, and offering style recommendations to improve the

quality of written content.
4.4. Advertising and Marketing

Al generates advertising content, product descriptions, and ads, raising concerns about

the authenticity and influence of these messages on consumers.
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4.5. Educational Tools

Text-generated Al can serve as educational tools by generating quiz questions, providing
explanations for complex concepts, and offering personalized learning experiences tailored to

individual students' needs.
5. Understanding Al Content Detection

Al content detection refers to the process of identifying and categorizing content
generated or manipulated by artificial intelligence (Al) systems. With the advancement of
natural language processing (NLP) and generative Al technologies, such as text generators
and deep learning models, there is a growing need to distinguish between content created by

humans and content produced by machines.

Al content detection involves developing algorithms, techniques, and tools to analyze
and differentiate between Al-generated content and authentic human-generated content. This
process typically involves examining various linguistic, semantic, and contextual features of

the text to identify patterns, anomalies, or markers that indicate machine-generated content.

The primary goal of Al content detection is to enhance trust, transparency, and safety in
digital environments by enabling users to identify Al-generated content and understand its
potential implications. This capability is particularly important in applications such as social
media, journalism, content moderation, and cybersecurity, where the authenticity and

reliability of information play a critical role. (21)
5.1. Al-generated text detection approaches

Automatic Al-generated text detection methods can be broadly categorized into two main

approaches (22):
5.1.1. Feature-based methods

These approaches rely on extracting specific linguistic, syntactic, semantic, or stylistic
features from the text to identify patterns or anomalies associated with Al-generated content.
Feature-based methods may involve analyzing features such as word frequency, sentence

structure, grammar usage, sentiment analysis, and coherence. By examining these features,
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the detection system can flag texts that exhibit characteristics indicative of Al-generated

content.

Feature-based methods are often more interpretable and can provide insights into the
linguistic characteristics of Al-generated text. However, they may struggle to capture the

complex and nuanced patterns present in large-scale Al-generated content.

5.1.2. Neural language models

These methods leverage advanced neural network architectures, such as recurrent neural
networks (RNNs), convolutional neural networks (CNNs), and transformer-based models like
GPT (Generative Pre-trained Transformer), to detect Al-generated text. Neural language
models are trained on large corpora of text data and learn to generate coherent and
contextually relevant text. Detection systems based on neural language models often involve
fine-tuning pre-trained models or training custom models on labeled datasets to recognize the

linguistic patterns specific to Al-generated content.

Neural language models excel at capturing intricate linguistic structures and can adapt to
evolving patterns in Al-generated text. However, they may require significant computational
resources for training and inference and may lack interpretability compared to feature-based

methods.

Ultimately, the choice between feature-based and neural language model approaches
depends on factors such as the nature of the text data, the desired level of accuracy and
interpretability, and the available computational resources. Combining both approaches in a
hybrid detection system may offer a comprehensive solution for detecting Al-generated text

across a wide range of contexts and applications.

5.1.3. Al-Generated Text Detection on Specific Domains

Al-generated text detection has become a crucial area of research, particularly in specific
domains where the impact of misinformation or fake content can be significant. While
achieving perfect detection across all possible domains remains a challenge, recent research
has made significant strides in developing detection methods tailored to specific areas of

concern.
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One prominent focus of research is Al-generated text detection in academic and scientific
settings. With the proliferation of Al tools capable of generating academic papers or scientific
articles, there is a growing need to distinguish between genuine research and Al-generated
content. Detection methods in this domain often leverage linguistic analysis, citation patterns,

and domain-specific knowledge to identify anomalies indicative of Al-generated text.

Another important domain for Al-generated text detection is the detection of fake news,
reviews, and misinformation. In an era where online platforms are inundated with deceptive
content created by Al algorithms, detecting and combating misinformation has become a
pressing concern. Detection approaches in this domain typically involve analyzing textual
features, user behavior, and contextual cues to differentiate between genuine and Al-

generated content.
5.2. Common signs of Al-generated content

These common signs of Al-generated content serve as valuable indicators for detecting

artificially generated text:
5.2.1. Incorrect and outdated information

Although Al writing can look well-written, it’s always important to check how accurate
the actual information is. Since most bots are trained on limited data sets (in time, form, or

source), they may not have access to the latest and most complete information.

Al-generated content may contain inaccuracies or outdated information, as the model
generating the text may not have access to the latest data or may lack the ability to verify the
accuracy of the information. This can manifest as factual errors, inconsistencies, or outdated
references within the text. (ChatGPT)

5.2.2. Lack of depth and personality

Because Al tools don’t really write but generate text based on patterns in their training
data, they don’t “understand” what they’re writing about in the same way humans do. This
results in very superficial and shallow responses, a lack of critical thinking, and deep topic

analysis.
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They also don’t have a personality, which is why most Al-generated texts lack a personal

touch and can sound robotic and emotionless.

In contrast to an Al tool, a journalist or copywriter can have real conversations with
subject matter experts in the field they’re writing about. These kinds of conversations lead to
deeper understandings, interesting stories, and relatable opinions in a way that is hard to

replicate with Al.

Al-generated text often lacks the depth, nuance, and personal touch characteristic of
human-generated content. While Al models may be proficient at producing coherent and
grammatically correct text, they may struggle to imbue the content with genuine emotion,
creativity, or unique perspectives. As a result, Al-generated content may come across as flat,

generic, or lacking in authenticity. (ChatGPT)

5.2.3. Repetitive language

Another common feature of Al is the use of the same words or phrases over and over

again.

This may be the result of a specific keyword used in the prompt that an Al then repeats

word for word. It can also lack context or just have limited and repetitive training information.

Al models are also designed to be cautious and neutral in general, which is why they may

rely on more conservative language patterns, which can sometimes look repetitive.

Al models trained on large datasets may inadvertently generate text that exhibits
repetitive language patterns. This repetition can manifest as redundant phrases, similar
sentence structures, or the reuse of specific vocabulary across different contexts. While some
degree of repetition is common in human language, excessively repetitive language in Al-

generated content may indicate a lack of originality or creative expression. (ChatGPT)

5.2.4. Predictable word choice and generic language patterns

Al-generated texts often exhibit predictable word choice and generic language patterns.
This is because Al writing tools rely on large datasets to generate text, resulting in a tendency

to use common phrases and expressions found in the training data.
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5.2.5. Sentence conventional structure

The conventional structure of sentences in Al-generated text is often evident through the
uniformity in sentence length and syntax. This pattern arises from the algorithms used in text
generation models, which prioritize coherence and grammatical correctness. As a result, Al-
generated sentences tend to follow predictable patterns, making them appear formulaic and

lacking in variety.

One common method used in Al text generation models is Next Sentence Prediction.
This technique involves predicting whether a given sentence logically follows another. By
training on vast amounts of text data, Al models learn to generate sentences that maintain
coherence and flow from one to the next. However, this process can inadvertently lead to the

production of text with repetitive structures and predictable language patterns.

While the conventional sentence structure in Al-generated text contributes to its
readability and grammatical correctness, it can also result in monotony and lack of diversity.
Human writers often employ a wider range of sentence structures to convey different tones,
emotions, and rhetorical effects. In contrast, Al-generated text may struggle to capture the

nuances of language and creativity that characterize human-authored content.

6. Understanding Human-Generated Texts for Creation and

Recognition

Learning, reading, and storing information play a crucial role in effectively crafting texts.

Here's how to illustrate that:
6.1. Recognizing how students writing develop

From a young age, students are nurtured to cultivate the vital skill of generating and
discerning text, integral to their developmental journey. This process fosters critical thinking,
nurtures creativity, and hones effective communication skills. Through a series of writing,
drafting, and analysis exercises, students not only learn to articulate their ideas coherently but
also acquire the ability to identify and rectify errors or areas needing refinement in their work.
Initially, they are taught to comprehend the topic and the objectives of the task, laying a

foundation for accurate and relevant responses. Subsequently, they embark on a journey of
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information gathering, honing the ability to discern reliable sources and extract pertinent data.
Armed with this knowledge, students proceed to structure their thoughts in a logical and

coherent manner, ensuring the effectiveness of their textual expression.
6.2. Understanding the Topic and Objective of the Text

In approaching a writing task, students embark on a systematic journey beginning with a
meticulous analysis of the assigned topic, meticulously identifying keywords and crucial
elements for comprehensive coverage. Equally paramount is the clear understanding of the
writing's objective, whether it entails informing, persuading, describing, or engaging in other
forms of discourse. Moreover, students must discern the appropriate structure to employ,
tailored to the specific topic and objective, which may entail crafting an introduction,
developing key points, and concluding concisely. This methodical approach ensures that
students not only grasp the essence of the task but also articulate their ideas cohesively and
effectively.

6.3. Research and Collection of Relevant Information

Students are encouraged to discern credible and pertinent sources of information, ranging
from textbooks and scientific articles to reputable online resources. Engaging in thorough
research, they meticulously examine the topic, identifying key components and structuring
information in a coherent manner. Synthesizing the gathered data, students delve deep into the
subject matter, extracting main ideas and conceptualizing them for integration into their
written work. This rigorous process not only cultivates a comprehensive understanding of the
topic but also equips students with the skills to articulate informed and well-developed

arguments within their texts.
6.4. Organization of lIdeas and Text Structuring

After gathering the necessary information, students proceed to meticulously organize
their ideas in a logical and systematic manner. This entails first clarifying the objective of
their text, defining its purpose with precision. Following this, they carefully consider the
structure, ensuring that ideas flow logically and coherently throughout the piece. In this
process, students prioritize information, distinguishing between main ideas and secondary

points to maintain focus and relevance. Drafting an outline serves as a pivotal step, providing
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a detailed roadmap to guide the writing process. With this comprehensive plan in place,
students are equipped to craft their text with clarity and effectiveness, effectively conveying

key points and insights to their audience.
6.5. Writing the Text While Following Instructions

After meticulously organizing their ideas and structuring their text, students transition to
the writing phase, where they translate their prepared content onto paper or screen, while
adhering to the guidelines provided by their teacher regarding length, format, and writing
style. Throughout this stage, students exhibit diligence and precision in their writing,
employing suitable vocabulary, maintaining attention to syntax and spelling, and striving for
fluency and coherence in their composition. It is imperative that students demonstrate a
commitment to accuracy and clarity, ensuring that their text effectively communicates their

ideas to the intended audience.
6.6. Proofreading and Correction of the Text

After completing the initial draft, students engage in the critical process of proofreading
and correcting their text. This phase entails meticulous scrutiny of the written content to
identify and rectify errors in grammar, punctuation, spelling, and syntax. Additionally,
students assess the overall coherence and clarity of their writing, ensuring that ideas flow
seamlessly and logically from one point to the next. This meticulous review enables students
to refine their work, enhancing its quality and effectiveness before submission. Through
careful proofreading and correction, students demonstrate a commitment to precision and

excellence in their written communication.
7. Al Mimicking Student Mind for Text Crafting

Artificial intelligence does not literally assume the mind of the student; rather, it relies on
linguistic models and machine learning techniques to generate texts. If the student provides
specific information or instructions to the Al, it can generate texts that align with this

provided information. Here are some examples:
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7.1. Customizing Knowledge

When a student furnishes specific details about a given topic, artificial intelligence
adeptly crafts text tailored to those instructions and information. For instance, if a student
seeks elucidation on the history of visual arts during the middle Ages, Al can generate
comprehensive text elucidating this subject matter in accordance with the provided details. By
leveraging the input provided by the student, Al swiftly synthesizes relevant information to
produce coherent and informative textual content, thereby facilitating the learning process and

aiding in comprehension.
7.2. Contextual Analysis

Artificial intelligence possesses the capability to assess the context provided by students,
enabling it to craft text tailored to their individual level of understanding and educational
background. For instance, if a student requests a straightforward educational text, Al can
generate simplified content that adeptly explains concepts in an accessible manner. By
leveraging contextual cues, Al dynamically adjusts the complexity and depth of the generated
text, ensuring alignment with the student's comprehension level while facilitating effective

learning experiences.
7.3. Probability Assessment

Artificial intelligence harnesses statistical analysis techniques and probability assessment
to meticulously generate text attuned to the student's educational level and comprehension. By
employing sophisticated algorithms, Al adeptly gauges the linguistic and conceptual
proficiency required, tailoring the text accordingly. For instance, whether catering to the
needs of an advanced college student or an elementary school pupil, Al crafts text that aligns
precisely with their respective levels of understanding. This nuanced approach ensures that
the generated content strikes the optimal balance between complexity and accessibility,

fostering enhanced engagement and comprehension across diverse educational contexts.
7.4. Analysis of the student's intellectual and educational level

In educational assessment, various methodologies are employed to comprehensively

evaluate students' cognitive abilities and contextual factors shaping their learning journey.
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Knowledge assessment entails a meticulous analysis of students' prior understanding to gauge
their proficiency in fundamental concepts. Reasoning tests are strategically implemented to
gauge students' aptitude in critical thinking, analytical reasoning, and problem-solving skills,
offering insights into their cognitive abilities. Additionally, consideration of context is
paramount, as educators delve into environmental, social, and cultural influences that may
impact students' intellectual development and educational progress. By integrating these
assessment approaches, educators gain a holistic understanding of students' abilities and the
factors shaping their learning experiences, facilitating tailored support and fostering academic
growth.

7.5. Adapting the Generated Text to the Student's Level

To personalize Al-generated text according to the student's intellectual and educational
aptitude, the system conducts a thorough analysis of the student's knowledge base, vocabulary
proficiency, and writing style. By meticulously scrutinizing these factors, the system
dynamically adjusts the complexity level, terminology selection, and tone of the generated
text to seamlessly align with the learner's profile. This meticulous customization ensures that
the content is not only easily comprehensible but also engaging for the student, thereby
fostering a conducive environment for learning and sustained engagement. Through such
tailored content delivery, the system optimizes the learning experience, promoting deeper

understanding and enhancing overall educational outcomes.
8. Current Limitations of Al in Understanding the Human Mind

Exploring the current limitations of Al in understanding the human mind sheds light on

the complex challenges that persist in this field.
8.1. Complexity of Human Thought

The human mind stands as a marvel of complexity, intricately weaving together
cognition, emotion, and perception into a rich tapestry of experience. Its subtle
interconnections and nuanced processes elude easy understanding, presenting a profound
challenge for artificial intelligence. Despite Al's advancements, capturing the depth and
richness of human thought remains a daunting task, as it grapples with the complexities of

abstraction, intuition, and empathy that define our cognitive landscape. The journey to fully
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comprehend the human mind is ongoing, reminding us of the boundless intricacies inherent in

our own existence.
8.2. Lack of Social Context

Al, with its analytical prowess, struggles to comprehend the nuanced social context that
shapes human thinking and communication. Devoid of human experience and intuitive
understanding of cultural norms and emotions, Al finds it challenging to interpret the
subtleties of language, gestures, and social hierarchies. Thus, while proficient in certain tasks,
Al often falls short in navigating the complex landscape of human interaction, emphasizing

the irreplaceable role of social intelligence in communication.
8.3. Emotions and Creativity

Emotions and creativity, intrinsic to the human mind, pose formidable challenges for Al
to authentically reproduce. While Al excels in computational tasks, it struggles to capture the
nuanced complexities of human emotions and the spontaneous, imaginative leaps of
creativity. Emotions, with their intricate interplay of physiological sensations and subjective
experiences, remain elusive to Al's analytical algorithms, hindering its ability to comprehend
and respond to human sentiment accurately. Similarly, creativity, characterized by novel ideas
and innovative problem-solving, eludes Al's deterministic frameworks, relying instead on
intangible factors such as inspiration and intuition. Thus, while Al continues to advance, its
emulation of human emotions and creativity remains a profound challenge, highlighting the

unique and irreplaceable nature of these aspects of the human experience.

Despite impressive progress, Al still faces significant barriers in deeply understanding
the human mind in all its complexity. Thought processes, the influence of social context, and
the emotional and creative dimensions of human beings pose major obstacles that Al systems

still struggle to overcome.
9. The Rise of Al-generated Texts in Homework

The proliferation of students utilizing Al-generated content for academic assignments
poses multifaceted challenges for educators, necessitating comprehensive approaches to

uphold the integrity of education. While this phenomenon promises advantages such as
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tailored learning experiences and streamlined administrative processes, it also engenders

several detrimental effects: (14)
9.1. Diminished Educational Engagement

The prevalence of Al-generated texts diminishes opportunities for genuine student
engagement with course materials, hindering their holistic learning experiences by potentially

replacing dynamic interactions with static content delivery systems.
9.2. Amplification of Bias and Homogeneity

Al algorithms may perpetuate existing biases and lack diversity in content creation,
leading to limited perspectives and reinforcing societal inequities within educational
materials. This amplification of bias and homogeneity could result in a narrow worldview for

learners.
9.3. Concerns Regarding Quality and Precision

Al-generated texts may suffer from inaccuracies and lack the nuanced understanding that
human-authored content providers, raising doubts about the reliability and credibility of
information presented. This undermines the educational value and trustworthiness of the

materials.

9.4. Loss of Critical Thinking Capabilities

Heavy reliance on Al-generated content diminishes students' capacity for critical analysis
and independent thought, impeding the development of essential skills crucial for academic
and professional success. This reliance may lead to a passive consumption of information

rather than active engagement and interpretation.
9.5. Threats to Academic Integrity

The widespread use of Al-generated texts poses significant challenges to maintaining
academic honesty, as distinguishing between original student work and Al-generated content
becomes increasingly difficult. This blurring of lines compromises the integrity of assessment

processes and undermines the foundation of academic credibility.
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9.6. Depersonalization of Learning Experiences

Overreliance on Al-generated materials may lead to depersonalized learning
environments, where individual student needs and learning styles are overlooked in favor of
standardized content delivery. This depersonalization can hinder student motivation and

engagement with the educational material.
9.7. Ethical Concerns and Accountability

The ethical implications of utilizing Al-generated content in education raise questions
about accountability, transparency, and responsible use of technology. These concerns
underscore the need for robust ethical frameworks to ensure that Al applications in education

prioritize fairness, equity, and human values.
10. Conclusion

Presently, achieving perfect detection of Al-generated text across all domains remains an
intangible goal. However, significant research efforts have been directed towards detecting
Al-generated content in specific domains, including academia, scientific research, fake news,
reviews, and misinformation. By narrowing the focus to these specific areas, researchers can
better tailor detection methods to address the unique challenges presented within each

domain.

One prominent focus of research is Al-generated text detection in academic and scientific
settings. With the proliferation of Al tools capable of generating academic papers or scientific
articles, there is a growing need to distinguish between genuine research and Al-generated
content. Detection methods in this domain often leverage linguistic analysis, citation patterns,

and domain-specific knowledge to identify anomalies indicative of Al-generated text.

By focusing on specific domains, researchers can tailor detection methods to the unique
characteristics and challenges present in each domain. This targeted approach allows for more
effective detection of Al-generated text by leveraging domain-specific knowledge and
features. However, ongoing research is needed to further refine and enhance detection
techniques to keep pace with evolving Al capabilities and the proliferation of Al-generated

content across various domains.
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1. Introduction

In the previous chapters, we have briefly introduced the definitions, and architectures

needed for our conception.

The goal of this last chapter is to present our proposed approach for the texts analysis
based in Algerian school. In the first part of this chapter, we present the motivations that we
have set ourselves. Then, we approach the various stages for the implementation of our model
for texts analysis. After that, we present the experiments and the evaluation of the different

models built. In the last, we present the tools (software and hardware) used in our work.

2. Motivation

Because of the few works and researches on the classification of texts with the Algerian
school. The goal of this work is to adopt successful approaches from the field of NLP, and
based on transfer learning we fine-tune them to the idea analysis of Algerian student,
depending in dataset contain theirs comments in homework. Here, we fine-tune the
ARABERT architecture for texts analysis. For this, we must first perform a series of
experiments in order to determine the hyper-parameters of the model, and the pre-processing
in data that provide the best results in terms of classification ability of comments to human,
ChatGPT or rewriter.

3. General System Architecture (Proposed Approach)

This section describes different stages followed to design the proposed approach, giving
a general diagram and then explaining the details of each stage. Basically, our approach
consists of three major stages: stage (1) for our Dataset (the data collection), the data pre-
processing stage (I1), where we pre-process our dataset. And (I11) the classification (training
and testing) stage where using transfer learning, by selecting pre-trained model and fine-tune

this model with our training dataset.

The first step in our texts Analysis process was to collect homework of student Algerian

school and we discerning this texts with ChatGPT and rewriter spinner
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3.1. Dataset

This open source dataset from https://www.dzexams.com/ and Facebook and middle
school of Zahi Mokhtar Elharrouche, contains 2500 texts was collected by BOUANINBA
NADINE and BOUCHEHIT AYMEN graduate student from University of SKIKDA 20 Aot
1955. This dataset collected from two sources, 15% from Facebook, and 35% from middle
school Zahi Mokhtar and 50% from dz exam web site .This is done by manually collecting

texts from the website pages and student paper. The data has been annotated manually by

The author for 3 categories: 1 refers to the ChatGPT texts, O refers to the human texts,

and 2 refer to the rewriter spinner texts.

The figure below represents the distribution of the texts in this dataset, which is 357

human, 1071 ChatGPT, 1071 rewriter spinner and 1 for "num","source","comment”,"creator"
Examples:

"1835","pro-s2-t3"," dzia sl <l ga 5 elila g3 1) sad Laila (5 ol ) gaa i ¥ 5 iy Ui 0 il R

1853 is the number of texts

Pro-s2-t3 is production for 2" year in middle school the 3 trimester

IR is rewriter spinner text

"973" "Pro-s3-12"," U yae (b udll il jadl 8 aals Jal se sae @llin (55 o (S oS3 i L ) i)
Y O Cua clalll Gl il e aaladll 5 Ay il Chimia (uSady 08 ¥ Faladll 5 A il Coeia® ] ilgiay o sl
ALY 5 Lo laia¥) (e i) ali®* D 5 i g Ay 8 Ciluadd ol o anselud Sl Ll (sabad) 5 28l
Aapsa pe Al dis e Osiay aedesy 48 il Jaall s alatll CYlae 3 QLGL dalie Ga g 35 g p2e (55 8
eyl Jilusl bjidl Cludll aladiul Jigy 8 okrladgSilly Sley) Jiluy il 3 agudil e el
Al Lo grall#¥ 4 agdl adl 5 agil e (e 35 Apal 81 Gl se (3 agualandl g Al LS sl JSI5 8 L ) il
A pas¥) S hall )l ads 1550 Ol Yy ainall (g dpiil) o gall Caalli G (S A e Laia Yl
o8 A sl ALY 5 Ayl Ailis i) i (525 38 ALY CLEMAY) 5 ) padikk 5 Lo graall b (e g sell
On Gy Jilady Al ) e il gall sda (585 0 can Ll G 4 il 5 Aulad) LSSl aat ) aciaal)
e laia Yl Y5 dpatil) sl seliy s Aulag) 3ok sad QL 4 gl Ayl Cilgall 8. IC

973 is number of text

43



Chapter 3: Conception and Experimentation

Pro s3 t2 is production of 3™ year middle school the 2 trimester

IC is ChatGPT text

creator

(o] 100 200 300 400 500 600 700
creator exemple

Figure 9: Dataset

3.1.1. Normalization of data annotation

In this step, we change the annotation of the first and second datasets, where the
annotation of the 3 categories of comments in each dataset look like this: 0 would correspond
to human comment, 1 would correspond to a IC comment, and 2 would correspond to a IR
comment. After that, we combine these datasets to get one unbalanced dataset with unified
annotation of 2447 texts distributed in: the Arabic dialect written in human idea, in ChatGPT

idea, and in rewriter spinner (see table 2).

Comment Creator Annotation
Bln 38 S il 8 Cyanl) Gl
lally (e 4y i) 7 Al a8 Ly H 0

oald s ¢ A8 paall 55 N deall
ol ya¥1 s 4y Y Calida (g allel)
2 81l 5 )l 5S11 5 () seLallS Asldl)
Lide Jeu 43) M ABLYL < b e
el il e 4d) doa 55 Ley il
Ja il 5 Jie ke lELES
Ll s el Al g el AN
5 lilaall 4l ) ALY
duads 3 a4 8 allall Jaa
Gl S Epaal) JLaiy) il g
Ll Calisay i Y

Cl;.].)a.j_);cd\..\c éla‘;uﬂ“
¥ ALLE lalay gl 5 agilin IC 1
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ling i cod s Lgiiind 2 all (K
aila S A osball s sae bl )
iz )l s il s e
Ol gy st LY el
Lot 5 cilaadl (8 gl 5,5 0
Al el b sl liacts
) ey gl

Jaadl sl aaf (e B3] 2Jle Y1 324
o SN CRRY D) eg il IR 2
Jalis 5 agailic (Gaia (he (aliiy)

Table 2: Comment Annotation Examples

3.1.2 Data Exploration

Data exploration is an essential step in the analysis of texts and useful for the realization
of the next Stage, as long as it allows us to better understand our corpus and to know the
nature and which the texts are written. In this phase, we examined the dataset using the word
cloud that allows to us to have a global view of the text and words used in our corpus. Where

each word's size is proportional to its importance (more frequent words appear larger).

3.2. Data Pre-processing

The pre-processing is the process in our data to reduce errors and noise, and enhance
texts analysis performance. These techniques are an essential step in the SA for Arabic text.

Especially the Algerian dialectal text because of its unstructured form.

3.2.1. Data Cleaning

In this step we reduce the noise by removing all emails, tags (e.g.@username), URLs
(http\www), phone numbers, punctuations (e.g.?¢ ! % & ,..etc) , and Arabic diacritics(e.g.
fatha( ),Damma ( ), Tashdid( ), Kasra ( ), TanwinDamm ( ), TanwinFath ( ),TanwinKasr (),
Sukun (), and Tatwil() ), like we showing in the Table 3.
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Texts

Texts after the cleaning process

e aol ) Bolaels 55 L i 8 g U
Slels b pals 5 el mle L aaY) ) Egsd)
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Table 3: Example of data cleaning process

3.2.2. Normalization

This step contains two substeps are widely used in Arabic NLP:

e Letter normalization: It aims to unify the letters that can appear in different forms.
In this work, we replace { Il } with {'}, {s} with {s}, {&35 } with {-}, {s} with

{s}.Furthermore, all letters of comment are converted to lowercase.

e Elongation removal: People may repeat characters for emphasis or showing a strong

emotion, or also repeated spaces, especially on social media. In this substep, the

word is reduced to its standard form by removing these repeating letters, and deleting

all unnecessary spaces. We keep only two repeated consecutive letters or spaces in

Me 5

this work (For example,

58Sl la™ become to Mol Canaxd™ ),

Texts

Texts after the Normalization process

\J}ﬂ&i\ddﬂjcﬂ_}jﬁ_}@y;cﬂ%jﬁeﬁ\
Ak sl el ga 5 clida 5y

o 508 Loy | ) 528 (S 5 cclidld Cal iy Jadia g i 5 o yial
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Table 4: Example of Normalization process
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3.2.3. Stop words Removal

In Arabic, stop words removal refers to the process of eliminating common words that
frequently appear in the text but do not contribute significantly to its meaning. These stop
words in Arabic include words like "o<" (from), "&" (in), "=" (on), "s" (and), """ (which),

and so forth.

For example, in the sentence "4l skl e CUSI™ (The book is on the table), the stop words
might be "e" (on) and "J" (the definite article). Removing them would leave "4l s "

(book table), which retains the core meaning.

Removing stop words in Arabic helps in focusing on the more informative words in the
text, which is particularly useful in tasks like text classification, sentiment analysis, and
information retrieval. This process enhances the performance of natural language processing

(NLP) algorithms by reducing the amount of noise and improving the clarity of the input data.

Texts Texts after the Stop words removal
process

Lefins o (S 01 Y1 5 e eyl et | oo sl il Ll (S i) 5l eyl e
Lﬁ)‘i‘é“ Jaall

Table 5: Example of Stop words removal

3.3. Classification

In the proposed approach, texts classifier will be created by selecting ARRABERT like a

pretrained model for fine-tune it with our data.

ARRABERT is pretrained language model uses the same architecture of BERTbase (12
encoders, 12 attention heads, and a hidden dimension of 768), it was performed specifically
for the Algerian education. The training set of this pretrained model containe 1.2 Million
tweets that were posted from major Algerian cities. It handles Algerian text contents written

using Arabic.

4. Experiments, Results and Discussion

Experiments, Results, and Discussion in Discerning the Insurrection of Al-Generated

Homework
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4.1. Experiments

In the context of discerning the insurrection of Al-generated homework, experiments
could involve testing various detection methods and evaluating their effectiveness. The

experimental design might include the following steps:

4.1.1. Experimental Design

e Objective: Evaluate the performance of different algorithms and methods in
detecting Al-generated homework.

e Hypotheses: Al-generated homework can be detected with high accuracy using
advanced machine learning and natural language processing techniques.

e Variables: Independent variables might include different detection algorithms (e.g.,
machine learning models, linguistic analysis tools), and the dependent variable

would be the accuracy of detection.

4.1.2. Data Collection

e Dataset: Collect a dataset of homework assignments, including a mix of human-
written and Al-generated texts.
e Annotations: Label the dataset to indicate which texts are human-written and which

are Al-generated.

4.1.3. Experiment Execution

e Model Training: Train various detection models on the labeled dataset.

e Model Testing: Evaluate the models on a separate test set to measure their
performance.

e Metrics: Use metrics such as accuracy, precision, recall, and F1-score to assess

model performance.

4.1.4. Data Analysis

e Comparison: Compare the performance of different models and algorithms.

¢ Error Analysis: Analyze cases where models fail to correctly classify texts.
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4.2. Results

The results section should present the findings of the experiments, including data on

model performance and insights into the effectiveness of different detection methods.

4.2.1. Data Presentation

e Tables and Graphs: Provide tables and graphs showing the accuracy, precision,
recall, and F1-score of each detection method.

e Key Results: Highlight the best-performing models and any notable patterns in the
data.

4.2.2. Results Analysis

e Model Performance: Discuss the performance of each model, noting which models
were most effective in detecting Al-generated homework.
e Statistical Significance: Use statistical tests to determine the significance of the

results.

4.2.3. Conclusion Drawing

e Support or Contradiction of Hypotheses: Determine whether the results support the
initial hypotheses.
e Explanation of Results: Offer possible explanations for why certain models

performed better than others.

4.3. Discussion

The discussion section should interpret the results, consider their implications, and

suggest directions for future research.

4.3.1. Interpreting Results

e Effectiveness of Detection Methods: Discuss the effectiveness of different methods
in detecting Al-generated homework.
e Comparison with Literature: Relate findings to previous studies and literature on Al-

generated text detection.
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4.3.2. Reflecting on Study Limitations

e Dataset Limitations: Discuss any limitations of the dataset, such as size or diversity.
e Model Limitations: Consider any weaknesses in the models used, such as overfitting
or lack of generalizability.

4.3.3. Proposing Future Research

e Improvement Suggestions: Suggest ways to improve detection methods, such as
using more sophisticated algorithms or larger datasets.

e New Directions: Recommend exploring new areas, such as real-time detection
systems or the impact of different Al text generation techniques on detection

accuracy.

4.4. Example of Presenting Results and Discussion
4.4.1. Experiments

Al Text Detection Models: Train and test multiple models, such as BERT-based
classifiers, logistic regression, and random forest, on a dataset of Al-generated and human-

written homework assignments.

4.4.2. Results

Performance Metrics: Present a table showing accuracy, precision, recall, and F1-score
for each model.

Model Accuracy Precision Recall F1-Score
BERT 93% 0.92 0.94 0.93
Classifier
Logistic 85% 0.83 0.86 0.84
Regression
Random Forest 88% 0.87 0.89 0.88

Table 6: Models results
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4.4.3. Discussion

e Model Effectiveness: Discuss why the BERT classifier outperformed other models,
likely due to its ability to understand context and nuances in the text.

e Limitations: Note that the dataset was relatively small and may not represent all
types of Al-generated homework.

e Future Research: Suggest expanding the dataset and exploring the use of ensemble

methods to improve detection accuracy.
5. Work Environment and Development Tools

5.1. Hardware tools
We utilized the following hardware configuration to complete our work:

e Google Colab Hardware:
» CPU : 2x Intel(R) Xeon(R) CPU @ 2.30GHz
> RAM: 12 GB
» Disk : 55 GB
» GPU : Tesla T4
e Personal Hardware:
» CPU : Intel(R) Core(TM) i7-6500u CPU@ 2.30Ghz
> RAM : 8GB
» Disk : 1T HDD
» GPU : NVIDIA GeForce 920MX
» Operating System : Microsoft Windows 10 pro

5.2. Software Tools

5.2.1. Google Colaboratory

Google Colaboratory, also known as Colab, is a free online code development platform
provided by Google. It allows users to create and run Python code in a Jupyter notebook
environment, while benefiting from free access to computational resources, including GPUs
and TPUs.(26)
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Key Features

e Free Access: Colaboratory is a free platform, meaning you don't have to pay to use
it.(26)

e Integrated Development Environment: Colab offers an integrated development
environment for the Python programming language, which means you can write,
execute, and share your code directly in your browser.(26)

e Access to Free Computational Resources: Colab provides access to free
computational resources, including GPUs and TPUs, which is ideal for machine
learning and data science tasks.(26)

¢ Real-time Collaboration: Colab enables real-time collaboration with other users,

which is particularly useful for machine learning and data science projects.(26)

Figurel0: Google Colab logo

5.2.2. Python Programming language

Python is a high-level, interpreted, object-oriented programming language with dynamic
semantics. It was created by Guido van Rossum and first released in 1991. Python is widely
used for various purposes, including web development, scientific computing, data analysis,

artificial intelligence, and more.
Applications of Python

e Web development: Python is used to build web applications using popular

frameworks such as Django and Flask.
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e Data analysis: Python is widely used for data analysis, machine learning, and data
visualization using libraries such as NumPy, pandas, and Matplotlib.

e Artificial intelligence: Python is used in Al and machine learning applications,
including natural language processing, computer vision, and robotics.

e Scientific computing: Python is used in scientific computing for tasks such as data

analysis, numerical simulations, and data visualization.

& python’

Figure 11: Python logo

5.2.3. Used Libraries

« PyTorch: PyTorch is an open-source machine learning library based on Torch,
developed by Meta. It enables the tensor computations necessary for deep learning.
These computations are optimized and performed either by the central processing unit

(CPU) or, when possible, by a graphics processing unit (GPU) supporting CUDA.

O PyTorch

Figure 12: PyTorch logo
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% NumPy: NumPy (Numerical Python) is a library for the Python programming
language designed to manipulate matrices or multidimensional arrays and
mathematical functions operating on these arrays. It provides numerous tools for

scientific computing and data processing.

g
“Q

25 NumPy

Figure 13: NumPy logo

% Pandas: Pandas is a Python library used for working with datasets. It offers functions
for analyzing, cleaning, exploring, and manipulating data. The name "Pandas" comes
from "Panel Data" and "Python Data Analysis," and it was created by Wes McKinney
in 2008.

!l pandas

Figurel4: Pandas logo

>

K/
*

Transformers: Hugging Face provides a repository built with Python that leverages

D)

the PyTorch and TensorFlow 2.0 frameworks. It offers thousands of pretrained models
for tasks across various modalities, including text, vision, and audio. The repository
primarily focuses on Natural Language Understanding (NLU) and Natural Language
Generation (NLG) tasks, such as abstractive summarization. It features a user-friendly

interface and straightforward code, allowing researchers and educators to quickly
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execute and evaluate custom models. Additionally, it includes helper functions for
easily saving checkpoints and results during fine-tuning, facilitating the sharing of

detailed results for comparative research.

v

Figure 15: Transformers logo

5.3. ChatBots

5.3.1. ChatGPT

The advent of Artificial Intelligence (Al) has brought about significant transformations
across various domains, including scientific research. Among the forefront Al models,
ChatGPT (Generative Pre-trained Transformer) has emerged as a formidable language model
capable of producing text resembling human writing. Its increasing adoption within the
scientific community has prompted researchers to consider ChatGPT as a potential tool for
enhancing creativity and streamlining research processes. Nonetheless, concerns have arisen

regarding its potential impact on the originality of scientific exploration.

Chat Generative Pre-trained Transformer (ChatGPT) is a language model developed by
OpenAl and launched in November 2022. It was built upon OpenAl’s GPT family of large

language models and fine-tuned using supervised and reinforcement learning techniques.

The model has achieved advanced performance in question answering, text generation,

and other language tasks and has been integrated with the Bing search engine. (15)

In March 2023, OpenAl launched the latest variant, GPT-4, which has further expanded

the capabilities of these language models. Despite the limitations in real-world scenarios when
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compared to humans, GPT-4 exhibits human-level performance in many professional and
academic benchmarks. Preliminary evidence indicates the development of ChatGPT may
represent an important milestone in natural language processing (NLP) and profoundly

influence how people interact with artificial intelligence (Al). (15)

Despite the many benefits ChatGPT may bring to society, concerns have been raised
regarding its potential threat to academic integrity through elevating plagiarism risk. For
instance, the model’s capability to generate high-quality text might be misused to complete
writing assignments. Consequently, students would miss the opportunity to exercise their
writing and critical thinking skills and the quality of their essays would not objectively reflect
their academic competence. The breaching of originality and authenticity of scholarly work
could severely undermine academic integrity and introduce unfairness. Schools and
universities have implemented policies restricting students’ use of ChatGPT and other Al-

based tools for coursework.

Figure 16: ChatGPT logo

5.3.2. Ahrefs

Ahrefs is a comprehensive SEO toolset that offers a range of Al-powered tools, Ahrefs
include: (17)

e Free Al Sentence Rewriter Tool: Rephrases sentences to improve readability, flow,

and structure.
e Free Al Paragraph Rewriter Tool: Rewrites paragraphs to enhance clarity,
structure, and overall quality.
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e Free Al Paraphrasing Tool: Generates alternative versions of sentences or

paragraphs while maintaining the original meaning.

5.3.2.1. Use cases of Ahrefs’ Sentence Rewriter Tool

e Content editing and enhancement: For content creators, authors, and editors who
wish to enhance the quality and clarity of their sentences, Ahrefs' Al Sentence
Rewriter Tool can be quite helpful. Users can obtain rephrased versions of sentences
with greater readability, better flow, and better overall structure by entering
sentences into the application. This use case aids in the improvement of written
content and guarantees that the target audience is successfully engaged. (17)

e Social media caption generation: With Ahrefs' Sentence Rewriter Tool, social
media users, influencers, and marketers can craft interesting and compelling captions
for their posts. They can get alternate versions that are tailored for social media sites,
attract attention, and promote interaction by entering a sentence that is relevant to
their material. The creation of captivating captions that appeal to the intended
audience is aided by this use case. (17)

e Language learning and sentence variation: Ahrefs' Sentence Rewriter Tool is a
useful tool for language learners and non-native speakers to enhance their language
proficiency and sentence structure. Through the submission of sentences, users will
be able to receive revised versions with alternate word selections, sentence patterns,
and grammatical structures. This use case makes it easier for people to understand
language, gives them learning examples, and advances their spoken and written

language skills. (17)

Figure 17: Ahrefs logo
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6. ScreenShots from webpage

You are not logged in Home Abo

Sign In
Username
Password

Don't have an account? Sign Up

Email: bouchehitbouaninba@gmail.com
Phone: +213 799734792

Address: Skikda, Algeria

© 2024 NAIH. All Rights Reserved.

Figure 18: Home page

‘You are not logged

About Our Plagiarism Detection Model

Welcome to our Plagiarism Detection Model! This cutting-edge technology leverages the povier of artificial intelligence and natural language processing to identify instances of plagiarism in textual content
Designed to assist educators, students, content creators, and researchers, our model ensures the integrity and originality of written work.

How It Works

Our model is built upon the BERT (Bidi Encoder from Tr i ,  state-of-the-art language model developed by Google. By understanding the context and
semantics of the text, BERT enables our model o detect nuanced simiarities between different pieces of writing. Here's  brief overview of the process:

Text Input: Users submit the text they wish 1o check for plagiarism.

Tokenization: The input text is broken down inta smaller units (fokens) using the BERT tokenizer

Embedding Generation: Each token is converted into a numerical representation that caplures its meaning within the context of ihe text

Comparison: The embeddings are compared against a database of known texts. The model evaluates the similarity between the input text and existing content
Prediction: The model assigns a probability score indicating the likelinood of plagiarism. A higher score suggests a greater degree of similarity to known texts.
Features

High Accuracy: Leveraging advanced machine learning algorithms, our model provides highly accurate plagiarism detection

Context-Aware: Unlike traditienal methods, our model understands the context of the text, enabling it to detect paraphrased or slightly modified plagiarized content.
Scalability: Suitable for various applications, from checking student assignments to verifying the originality of professional and academic papers.
User-Friendly Interface: An intuitive interface makes it easy for users to submit texts and inferpret the results.

Applications

Our Plagiarism Detection Model can be used in a variety of scenarios:

Education: Educators can use the model to check student assignments for plagiarism, ensuring academic honesty.
Publishing: Publishers and authors can verify the originality of manuscripts before publication.

Research: Ressarchers can use the model to ensure that their work is original and does not inadvertently copy existing research.
Content Creation: Bloggers, journalists. and other content creators can veriy the uniqueness of their ariicles and posts.
Privacy and Security

We prioritize the privacy and security of our users' data. All text submissions are processed in a secure environment. and we do not store any user data beyond the duration of the analysis.
Future Development

We are committed to continuous improvement and innovation. Our team is working on enhancing the mode!'s eapabilties, including support for multiple languages and improved detection of complex
plagiarism cases

Contact Us
For more informatien, feedback, or support, please contact us at bouchehitbouaninba@gmail.com

Email: bouchehitbouaninba@gmail.com
Phone: +213 799734792

Address: Skikda, Algeria

©2024 NAIH. All Righis Reserved

Figure 19: About page
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Sign Up
Email:

naaybb@gmail.com

Username:

NadineBouninba2222|

Password:

Sign Up

Already have an account? Sign In

Figure 20: Sign up page

Welcome, NadineBouninba22221 Home About Contact Logout

Chat Prompt

write something

Email: bouchehitbouaninba@gmail.com
Phone: +213 799734792

Address: Skikda, Algeria

© 2024 NAIH. All Rights Reserved

Figure 21: Page where you put the text
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Welcome, ! Home About Contact Logout

0 in|

Email: bouchehitbouaninba@gmail com
Phone: +213 799734792

Address: Skikda, Algeria

© 2024 NAIH. All Rights Reserved

Figure 22: Contact page
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General Conclusion

1. Conclusion

Detecting Al-generated work is crucial for maintaining academic integrity and ensuring
the validity of learning. This research has explored various aspects of this challenge and
proposed pathways for addressing it. Al offers immense potential to revolutionize education,
but its improper use in the context of school assignments raises significant concerns. The
technologies for detecting Al-generated work are continuously evolving, relying on

stylometric analysis, pattern recognition, and machine learning.

Despite the progress made, perfect detection remains elusive, necessitating the
development of new methods to keep pace with the rapid advancement of Al technologies.
Collaboration between researchers, educators, and educational tool developers is essential to
create effective and sustainable solutions. Therefore, it is recommended to increase awareness
among students about the risks of Al and academic dishonesty, promoting a culture of
integrity and genuine learning. Finally, promoting the responsible use of Al in education is

vital, focusing on learning and enhancing human capabilities.
2. Perspectives

As perspectives, we can cite:

e We intend to collect more data, and use Data Augmentation Techniques to reduce

errors and increase model efficiency.
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Home About

YYou are not logged ‘ontact Logou

About Our Plagiarism Detection Model

Welcome to our Plagiarism Detection Model! This cutting-edge technology leverages the power of artificial intelligence and natural language processing to identify instances of plagiarism in textual content
Designed lo assist educators, students, content creators, and researchers, our model ensures the integrity and originality of written work.

How It Works

Our model i built upon the BERT (Bidir Encoder ions from Tr , @ state-of-the-art language model developed by Google. By understanding the context and
semantics of the text, BERT enables our modal to detect nuancad similarities betwean differant pieces of writing. Here's a brief overview of the process

Text Input: Users submit the text they wish to check for plagiarism

Tokenization: The input text is broken down into smaller units (tokens) using the BERT tokenizer.

Embedding Generation: Each token is converted into a numerical representation that captures its meaning within the context of the text

Co ison: The embeddings are compared againsi a database of known texts. The model evaluates the similarity between the input text and existing content.
he model assigns a probability score indicating the likelinood of plagiarism. A higher score suggests a greater degree of similarity to known texts

Pre
Features

High Accuracy: Leveraging advanced machine leaming algorithms, our model provides highly accurate plagiarism detection

Context-Aware: Unlike traditional methods, our model understands the context of the text, enabling it to detect paraphrased or slightly modified plagiarized confent.
Scalability: Suitable for various applications, from checking student assignments to verifying the originality of professional and academic papers.

User-Friendly Interface: An infuitive interface makes it easy for users te submit texts and interpret the results.

Applications

Our Plagiarism Detection Model can be used in a variety of scenarios:

Education: Educators can use the model to check student assignments for plagiarism, ensuring academic honesty.

Publishing: Publishers and authors can veriy the originality of manuscripts before publication.

Research: Researchers can use the model to ensure that their work is original and does not inadvertently copy existing research.
Content Creation: Bloggers, journalists, and other content creators can verify the uniqueness of ineir articles and posts.
Privacy and Security

We prioritize the privacy and security of our users' data. All text submissions are processed in a secure environment, and we do not store any user data beyond the duration of the analysis

Future Development

We are committed to continuous improvement and innovation. Qur team is working on enhancing the model's capabilities, including support for multiple languages and improved detection of complex
plagiarism cases

Contact Us
For more information, feedback, or support, please contact us at houchehithouaninba@gmail.com

Email: bouchehitbouaninba@gmail com
Phone: +213 799734792

Address: Skikda, Algeria

©2024 NAIH. All Rights Reserved.
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Sign Up
Email:

naaybb@gmail com

Username:

NadineBouninba2222|

Password:

Confirm Password:

Already have an account? Sign In
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Welcome, NadineBouninba22221 Home About Contact Logout

Chat Prompt

write somethin

Email: bouchehitbouaninba@gmail com
Phone: +213 799734792

Address: Skikda, Algeria

© 2024 NAIH. All Rights Reserved.
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Welcome, | Home About Contact Logout

0 in|

Email: bouchehitbouaninba@gmail com
Phone: +213 799734792

Address: Skikda, Algeria

© 2024 NAIH. All Rights Reserved.
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