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Text classification is a critical task in natural language processing (NLP) that involves
categorizing text into predefined labels. With the advent of deep learning, text classification
algorithms have seen significant improvements in accuracy and efficiency. This thesis
explores various deep learning-based text classification algorithms, detailing the processes
involved in dataset preparation, model architecture, training, and evaluation. Emphasis is
placed on practical applications and the comparative performance of different models.
Text classification, a fundamental problem in NLP, involves assigning predefined categories
to text. Traditional methods relied heavily on manual feature engineering and classical
machine learning techniques. However, the rise of deep learning has revolutionized this field,
enabling the automatic extraction of features from raw text data and significantly enhancing
classification performance [2].
The process begins with dataset preparation, including data collection, labeling, and cleaning.
A representative and balanced dataset is essential for training a model that can generalize
well to unseen data. Preprocessing techniques such as lowercasing, tokenization, stop word
removal, and special character removal are applied to ensure standardized and clean text data
[1].
Several deep learning architectures have been proposed for text classification, each with its
strengths and weaknesses. Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), Long Short-Term Memory (LSTM) networks, and Transformers are
among the most commonly used models [2].
CNNs, initially designed for image processing, have been successfully adapted for text
classification. They apply convolutional layers to capture local patterns in text data, followed
by pooling layers to reduce dimensionality. This architecture is particularly effective for short
text classification due to its ability to detect local features [3].
RNNs and LSTMs are designed to handle sequential data, making them suitable for text
classification tasks that require understanding context. LSTMs address the vanishing gradient
problem of traditional RNNs, enabling the model to capture long-term dependencies in text
[4].
Transformers, introduced by Vaswani et al. (2017), have transformed NLP by enabling
models to process entire sequences in parallel. They use self-attention mechanisms to weigh
the importance of different words in a sequence, significantly improving performance on
various NLP tasks, including text classification [5]. To provide a comprehensive
understanding of the effectiveness of different deep learning-based text classification
algorithms, a comparative analysis is essential. Below, we summarize key characteristics,
strengths, and weaknesses of Convolutional Neural Networks (CNNs), Recurrent Neural
Networks (RNNs), Long Short-Term Memory (LSTM) networks, and Transformers.
Table 1: Differences among mentioned algorithms

Strengths Weaknesses Use case Performance
Convolutional
Neural
Networks
(CNNs)

Efficient at
capturing local
features; Fast
training and
inference.

Limited in
capturing long-
term
dependencies;
Less effective

Short text
classification,
such as
sentiment
analysis of

High accuracy
for short and
moderately long
texts; Struggles
with long-range
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for longer
sequences.

tweets [3]. dependencies.

Recurrent
Neural
Networks
(RNNs)

Designed for
sequential data;
Can capture
context in
sequences.

Suffers from
vanishing
gradient
problem;
Difficult to train
for long
sequences [4].

Applications
requiring
understanding of
sequence, such
as speech
recognition.

Moderate
accuracy;
Improved with
advanced
variants like
LSTMs.

Long Short-
Term Memory
(LSTM)
Networks

Effectively
captures long-
term
dependencies;
Addresses
vanishing
gradient
problem.

Computationally
intensive;
Longer training
times.

Long text
sequences,
machine
translation, and
text generation
[4].

High accuracy
for tasks
requiring long-
range context
understanding.

Transformers Parallel
processing of
sequences;
Superior
performance on
long sequences.

High
computational
and memory
requirements;
Complex
architecture [5].

Wide range of
NLP tasks
including text
classification,
translation, and
summarization.

State-of-the-art
accuracy on
many NLP
benchmarks;
Best suited for
large datasets.

Training deep learning models for text classification involves several steps: data splitting,
model initialization, loss function selection, and optimization. Common loss functions for
text classification include cross-entropy loss, and optimization is typically performed using
stochastic gradient descent (SGD) or its variants [6].
The dataset is usually split into training, validation, and test sets to ensure that the model can
generalize to unseen data. A common practice is to use 70% of the data for training, 15% for
validation, and 15% for testing [7].
Proper initialization of model parameters is crucial for convergence. Techniques such as
Xavier and He initialization are often used. Optimization algorithms like Adam, which adapts
the learning rate during training, are preferred for their efficiency and performance [8].
Deep learning-based text classification has numerous applications, including sentiment
analysis, spam detection, and topic categorization. These models are employed in various
industries, from social media monitoring to customer feedback analysis, highlighting their
versatility and importance [9].
In conclusion, Deep learning has significantly advanced the field of text classification,
providing powerful tools for handling large-scale and complex text data. By leveraging
architectures like CNNs, LSTMs, and Transformers, researchers and practitioners can
achieve high accuracy and efficiency in text classification tasks.
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