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Abstract -Text mining, which focuses on the analysis and extraction of valuable information from unstructured 

text data, has become a crucial tool in the big data era. Over the past few years, text mining has become 

increasingly important. Users can now access knowledge through text mining from a wide range of sources, 

including print, digital, and electronic media and many others. Deep learning, a subfield of machine learning, has 

emerged as a powerful paradigm for tackling complex text mining tasks. Deep learning algorithms have been 

widely adopted for text mining, due to their ability to capture complex patterns in textual data. This survey paper 

aims to provide an overview of the recent advancements in the application of deep learning algorithms in text 

mining. This will be the source of future studies in this field. 
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Introduction  

Text mining refers to the process of extracting valuable, engaging, and significant information or patterns from 

unstructured data sources. Unstructured information is very prevalent and constitutes the majority of knowledge 

available for an information mining project aimed at analyzing patterns [1]. Extracting valuable insights from raw text 

can undoubtedly provide beneficial business insights from text-based information or content. However, due to the 

inherent inconsistencies in natural language text, utilizing natural language processing (NLP), statistical modeling, and 

machine learning (ML) techniques to mine unstructured content can often be challenging [2][3]. The Unstructured 

content contains ambiguities due to inconsistent semantics and syntax, along with slang, language specific to different 

age groups and industries and text with sarcasm [4][5]. Different research efforts are underway in this area to obtain 

effective and comparable outcomes utilizing a range of machine learning and deep learning models [6][7][8]. Recent 

improvements in deep learning architectures enhance the models' abilities to capture long-range dependencies, handle 

sequential information, and learn from vast amounts of data. These advancements are appropriate and efficient for a 

variety of Text Mining tasks. The aim of this paper is to summarise the use of Deep Learning Algorithms in the process 

of Text Mining. 

 

Deep Learning: 

The idea behind Deep Learning is to mimic and recreate how the human brain operates. Because Human brain 

seems to be one of the powerful tools for learning adapting skills and applying them and neurons in the brain are 

responsible for this. In human brain there are approximately 100 billion neurons which are deeply interconnected with 

each other to form a complex network. In computers the structure of human brain is recreated by an artificial structure 

called Artificial Neural Network (ANN) where the nodes in it are similar to the neurons. The ANN have an input layer, 

hidden layers and an output layer. When there are many numbers of hidden layers connected with each other which 

processes the input data and produces the output value, it is said that deep learning happens.  
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Figure.1.0: Artificial Neural Network 

 

Deep Learning Algorithms:  

1. Recurrent Neural Network (RNN) 

A basic and widely-used algorithm in deep learning for text mining is the Recurrent Neural Network (RNN). 

It is a type of neural network designed for processing sequential data by retaining information from previous inputs 

through connections between nodes over time, i.e., RNN algorithm process input data step-by-step by preserving 

the order in which words or data points appear. 

RNNs are particularly well-suited for text mining in which understanding the order and context of data is essential, 

as they have an internal memory that captures dependencies across sequences. The memor y of RNN is attained 

through a "hidden state" that stores information about previous inputs, making it capable of understanding context 

in sequences. It processes sequences by iterating through the sequence elements and maintaining a state that contains 

information relative to what it has seen so far. In effect, RNN is a type of neural network that has an internal loop 

(see figure 1.1). 
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Figure:1.1 – A Recurrent Network: A Network with a Loop. 

 

Recurrent Neural Networks (RNNs) incorporate feedback loops in their recurrent layers which effectively allows 

them to retain information over time. However, standard RNNs have significant challenges when it comes to learning 

long-term dependencies. This limitation is predominantly due to the exponential decay of the loss function's gradient, 

known as the vanishing gradient problem, which hinders training effectiveness for temporal sequences. To solve 

these problems, researchers develop intricate RNN architectural models. The most popular design, LSTM which 

stands for Long Short-Term Memory networks. These are a type of Recurrent Neural Network (RNN) that 

incorporates specialized units alongside standard units [9]. LSTM units include a “memory cell” that can retain 

information for extended periods. A series of gates are used to control when data is added to memory, when it is 

retrieved, and when it is discarded. This design enables LSTMs to learn and understand long-term dependencies 

effectively. By learning the long-term dependencies, and with the help of the internal memory system, LSTMs can 

solve the disappearing gradients issue [10]. Recognition of Speech and Modern Machine Translation often rely on 

LSTMs. 

RNN 
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2. Convolutional Neural Networks  

Convolutional neural networks (CNNs) get their name from the mathematical process known as convolution, 

which assesses how compatible its input functions are. These networks are typically used when data is formatted or 

requires representation in a 2D or 3D data map. In data map representations, the proximity of data points typically 

reflects their correlation in information. In convolutional neural networks (CNNs) dealing with image inputs, the 

data map shows that the pixels of an image are highly correlated with their neighboring pixels. As a result, the 

convolutional layers have three dimensions: width, height, and depth. This understanding likely accounts for the 

fact that a substantial amount of research focused on CNNs is conducted in the field of computer vision [11].  

A CNN processes an image that is represented as an array of numbers. Through a series of mathematical 

operations, it transforms the image into a different output space. This process is known as feature extraction, which 

is essential for highlighting and capturing important aspects of the image. The features extracted can be utilized for 

various analysis and tasks. For instance, image classification seeks to sort images into specific predefined categories. 

Other applications include identifying the objects within an image and pinpointing their locations. This does not 

imply that CNN is limited to just image data; there are also studies that have explored its application with text data.  

Text Classification and Sentiment Analysis are the considerable applications of CNN in processing text data in 

Natural Language Processing (NLP). 

When applying CNNs to NLP tasks, sentences or documents are represented in matrix form. Each row of the 

matrix corresponds to a linguistic unit, like a word or a character. Most CNN architectures develop representations 

of words or sentences during their training phase. Different CNN architectures have been utilized in various 

classification tasks, including Sentiment Analysis and Topic Categorization [12],[13]-[15]. CNNs have also been 

used for Relation Extraction and Relation Classification tasks [16][17]. 

 

3. Transformer-based Models 

Primarily Transformers perform Parallelization. Long range dependencies in sequences are encoded by 

Transformers. Transformers generate text one word at a time. It generates long and elaborate sentences and it does 

them one word at a time. For Example: If the prompt or question is “Hello, how are you?”, Transformer model does 

not generate the answer for this prompt, instead it generates the next word that would follow the given prompt, i.e., 

“Hello, how are you doing”.  

Transformer models are versatile and powerful, capable of tasks like chatting, answering questions, and writing 

code. Despite needing large datasets and computing power, their architecture is relatively simple, consisting of 

blocks like attention and neural networks. The architecture of Transformer models involves components like 

attention, feed forward neural networks, and embeddings, which work together to generate text one word at a time. 

The concept of generating text one word at a time, as seen in Transformer models, is similar to predictive text 

suggestions in messaging apps, showcasing a common application of this approach.  

In recent years, the transformer model has revolutionized Natural Language Processing (NLP). Models like 

BERT, GPT-3, and RoBERTa have excelled at numerous NLP tasks, surpassing the performance of RNNs. The 

Transformer Model is set apart or unique due to its self-attention mechanism, allowing it to focus on multiple parts 

of the input sequence simultaneously and evaluate their significance. 

 

Self-Attention Mechanism: 

The Transformer Architecture is driven by the self-attention mechanism which simplifies and increases the 

processing of the Transformer Network. Unlike RNNs, Transformers can handle and process all inputs simultaneously 

which enables the connection of inputs to complicated context. The input sequence, consisting of "key," "value," and 

"query," is transformed into vectors for self-attention. In this setup, keys and values represent the input data, while 

queries are used to assess the context. 

Transformer-Based Models for Text Mining 

A new era in NLP is emerged due to the advent of transformers. These Transformer models are powerful pre-trained 

language models. These models, typically trained on extensive text datasets, have shown incredible proficiency in 

understanding contextual information and subtle linguistic details. Following are notable Transformer based models, 

A. BERT (Bidirectional Encoder Representations from Transformers): 

BERT, developed by Google, transformed natural language processing by learning the context in both directions 

during training. Its pre-training tasks include Masked Language Modeling (MLM), which enables the model to grasp 

context by predicting omitted words. 
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B. GPT (Generative Pre-trained Transformer) Series:  

The GPT series (GPT-2 and GPT-3), designed by OpenAI, is renowned for its focus on generative tasks that 

involve creating text. Among these, GPT-3 is particularly notable, as it boasts an impressive 175 billion parameters, 

making it one of the most extensive language models ever developed. Its vast scale allows it to exhibit extraordinary 

capabilities in generating human-like text, enabling it to understand and produce language with a level of coherence 

and relevance that was previously unattainable. 

C. RoBERTa: 

RoBERTa or Robustly Optimized BERT Approach, was created by Facebook AI Research. This model is created 

to enhance the performance of BERT. It achieves this by optimizing the training objectives and hyperparameters of 

BERT. Training becomes robust and more efficient because this model makes use of the Masked Language Modeling 

(MLM) objective like BERT and it is not focused on the Next Sentence Prediction (NSP) which is one of the pre-

training objectives followed by BERT.  

D. XLNet:  

XLNet is an improvement over BERT and other Transformer-based models. This pre-trained model is proposed 

by Google to overcome few limitations in training part of BERT. It uses Permutation Language Modeling instead of 

Masked Language Model (MLM) which is used by BERT. In Permutation Language Modeling, all possible 

permutations of the sequence are considered during the training process. No specific tokens are considered. This 

permits XLNet to learn the context bidirectionally, similar to BERT and prevents the issues related to artificial 

masking of tokens.  

E. T5 (Text-to-Text Transfer Transformer): 

Google introduced T5 in 2020. It is specifically created for natural language processing (NLP) tasks and treats 

all such tasks as text-to-text problems. This approach implies that both the input and output consist of text strings, 

no matter the type of task involved.  

4. Attention Mechanisms: 

Attention Mechanism is the one behind all the transformer models and it is the core to the Large Language 

Models (LLM). It is inspired by the human visual processing system. It is a technique that allows the neural network 

to focus on specific parts of an input sequence. This is done by assigning weights to different parts of the input 

sequence with the most important parts receiving the highest weights. Focusing on specific part of input sequence 

gives the neural network model the capability to prioritize relevant information. This improves the model’s ability 

to capture essential features. 

Attention mechanism was first used by Bahdanau for machine translation. The traditional method of machine 

translation was to use sequence to sequence models. The challenge with this model is that if the sentence was long 

and detailed, the translation was incorrect and inaccurate. The main idea of attention mechanism is that the context 

vector access is given to the entire input sequence, instead of the last hidden state. Even though the length of the 

sentence increases, the context vector can still contain the context of the sentence. Hence it can be translated correctly 

and accurately.  

 

5. Word Embedding Techniques 

Word embeddings are approaches in natural language processing (NLP) that denote words as dense, low-

dimensional vectors in continuous space. These vectors capture the meanings, connections, and contextual details 

of words, making them crucial for numerous NLP applications such as machine translation, sentiment analysis, and 

text generation. These techniques convert textual data into numerical formats, which are suitable for machine 

learning models, especially those based on deep learning. 

Word embeddings are powerful tools in Text Mining especially NLP tasks that offer several key characteristics. 

One of the main advantages is dimensionality reduction, which transforms sparse, high-dimensional text data, such 

as one-hot encoding, into dense vector representations. This process not only minimizes the number of 

computational resources required but also enhances the efficiency of machine learning models. Additionally, word 

embeddings excel at capturing semantic relationships, enabling them to recognize connections between words, 

including synonyms, antonyms, and even analogies. For example, through specific vector operations, one can 

express relationships like "Lord - Man + Lady ≈ Queen." Furthermore, these embeddings provide contextual 

understanding by representing the meaning of a word based on its usage within a given context, thereby contributing 

to more nuanced and accurate interpretations of language. 
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Few Word Embedding Techniques are: Word2Vec, GloVe, FastText, Contextualized embeddings (e.g., BERT, 

ELMo). 

In a paper, Yu et al. [18] introduced an improved word vector model designed to customize pre-trained word 

vectors for sentiment analysis (SA). This word vector model does not depend on labeled datasets and can be applied 

as a post-processing step to any pre-trained word vectors generated by various word embedding models, such as 

GloVe and Word2Vec. GloVe, or Global Vectors for Word Representation, is an algorithm that operates without 

supervision to create vector representations of words [19]. Based on their findings, Dhingra et al. [20] suggested 

utilizing GloVe vectors that have been pre-trained for initialization, as they showed better performance than other 

embeddings. They also recommended substituting infrequent words with a unique token during training, which can 

then be used in the testing phase to handle out-of-vocabulary (OOV) words. 

 

 Conclusion: 

Deep Learning algorithms has robust capabilities for dealing unstructured textual data. This survey outlines the 

features and use of RNN, CNN, Transformer-based models, Attention mechanisms and Word Embedding techniques. 

The performance and efficiency of Text mining tasks like Natural Language Processing, Text classification, Question 

Answering, Topic Modelling are enhanced due to the advancements in attention mechanisms, pre-trained models, 

and word embedding techniques. By reviewing the existing literature, this paper serves as a valuable reference for 

researchers and practitioners, paving the way for continued advancements in text mining through deep learning. 
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