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Abstract - Recent years have been an active testing ground for artificial neural networks for language understanding, a very 

important aspect of NLP. In this respect, emerging NLP technologies are largely motivated by the rising requirements to cope 

with the issues raised by different NLP tasks, allowing the processing and analysis of large text data samples, uncovering complex 

language behaviors, as well as extracting valuable information from disorganized text. NLP (Natural Language Processing) has 

proven to be the most successful field of machine learning thanks to its capability to teach itself and detect all kinds of features 

on its own based on enormous amounts of data. In NLP tasks like language modelling, text classification, emotion analysis, and 

machine translation, RNNs, CNNs, and transformer-based models have been used in new ways. While NLP is generally agreed 

upon the difficulties it faces, the progress of technology also gives birth to unexpected challenges. Thus, two factors, namely the 

expanding collections of large text datasets and the pressing need for more accurate and time-saving NLP models that emerge 

as a consequence are giving rise to new kinds of deep learning models and techniques. Here, this paper analyzes as a whole the 

most recent achievement of neural architectures for natural language processing applications. From introducing current models 

and approaches in NLP, highlighting their strengths and weaknesses, and identifying the areas to be researched in the future, 

this paper will conduct this discussion. 

 

Then, this paper will go on and investigate the of one in NLP, together with the importance of constantly improving 

architectures which are responsible for tackling these hard tasks. Subsequently, it will talk about the recent breakthroughs in 

deep learning models namely RNNs, CNNs, transformer-based models and attention mechanisms will be discussed next. At last, 

this paper will cover the ever-evolving roofline in NLP research, including transfer learning, self-supervised learning, and 

multimodal learning. Moreover, this paper will also underline the current shortcomings of existing NLP models and locate the 

themes where research needs to be reevaluated. This article, through the deep learning architecture review for NLP, offered a 

full-range overview of the recent advancement in deep learning, and this article is developed as a valuable corpus for the 

researcher, practitioners, and students in the field of NLP. 
 

Keywords - Deep Learning, Natural Language Processing, CNNs, Recurrent  Neural Networks, NLP Models, Transformed based 
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1. Introduction 
Natural Language Processing (NLP) is evolving along 

with computer and human language communication. As more 

industries seek to create smart systems that can comprehend 

and control human language, deep learning is the best 

technology for most NLP jobs. The depth of learning approach 

has solved NLP problems like text categorization, sentiment 

evaluation, machine translation, and speech recognition. 

 

In contrast, NLP is dynamic. Continuous development 

presents new obstacles for more complex deep learning 

architecture. The rise of social media and exposure to personal 

content, whether written or spoken, has highlighted the need 

for models to analyses sarcasm, irony, and informal 

expressions. The growing demand for customized experiences 

drove conversation engagement and conversational AI 

systems development. 

 

Thus, researchers are developing new neural networks 

using deep learning architecture for NLP tasks. Recent  

advances in deep learning architecture improve model 

capacities to show long-distance relations, process sequential 

data, and learn from large data sets. These new developments 

are suitable and effective for a wide range of NLP jobs; thus, 

they must be evaluated and analyzed. 

 

Its goal is to summarise recent deep learning architectures 

used for NLP assignments. A deep learning paper will 

examine RNNs, CNNs, and Transformer-based models. A 

brief discussion of transfer learning and attention mechanisms 
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in NLP will follow. Additionally, the study provides detailed 

information about these advancements and their potential uses 

in natural language processing. 

 

2. Neural Networks 
2.1. Recurrent Neural Networks 

Due to its flexibility and efficiency in processing 

sequential data, Recurrent Neural Networks (RNNs) can 

readily process text, voice, and time series data. RNNs are 

widely used in NLP for language modelling, translation, and 

classification. 

 

An RNN’s hidden state memory lets it preserve states 

unchanged when processing fresh data, which may improve 

temporal dependencies. Thus, RNNs can handle sequence data 

with contextual connections between time steps from the input 

sequence representations. 

 

As per Dixon, Halperin and Bilokon (2020), however, 

RNNs have disagreements that must be handled. The 

vanishing gradients issue stops RNN training after numerous 

time steps with poor outcomes. As gradients are rolled back 

into layers, they become smaller, making this method harder 

to solve. Another issue is long-term reliance, where the 

network can produce targets at later time steps based on 

current observations. 

 

Scientists create complex RNN architecture models to 

overcome these issues. Long Short-Term Memory (LSTM), 

the most common architecture, uses a memory cell with 

numerous forget gates and input gates to transfer information 

between time steps selectively. LSTMs can learn long-term 

dependencies and address the disappearing gradients problem 

with an internal memory system (Franco et al., 2020). 

 

3. Convolutional Neural Networks 
3.1. Introduction to CNN’s and Their Adaption for  NLP 

Tasks 

As per Media (2022), CNNs were originally developed 

for image recognition, but they have shown promise for NPL 

tasks in recent years. Convolutional Neural networks 

transform each word or character to a fixed-length vector for 

sequential data processing in NLP. This training helps the 

model identify important and unimportant words in a sentence 

or paragraph. Exploration of different CNN architectures, 

including Dilated CNNs and Temporal CNNs 

Several types of CNN architectures have been used in NLP 

tasks, including. 

 

3.1.1. Dilated CNNs 

This type of specialist is also called recurrent neural 

networks (RNN) at the dilation stages. They are the dilative 

part of the model that maintains a broader time step; thus, the 

model is capable of capturing long-period dependences (Lee 

and Shin, 2020). 

3.1.2. Temporal CNNs 

As per Lee (2019), they do this with data that varies as it 

progresses, for example, speech, text, or time series data. They 

exploit the properties of convolutional layers to extract 

features from the input and then apply the recurrent layers to 

simulate the temporal dependencies. 

 

3.2. Applications of CNNs in NLP 

3.2.1. Text Classification 

CNNs are designed for categorizing text into two or more 

groups, like spam vs. normal or hate vs. compassion. On-spam 

emails, positive vs. Negative reviews, etc. 

 

3.2.2. Sentiment Analysis 

Convolutional Neural Networks (CNNs) can decode text 

sentiment as positive, negative, or neutral. 

 

The CNN model can be trained to categorize text into 

distinct categories functionally by continuously passing the 

text into the series of fixed-length vectors and feeding it into 

the CNN model. CNN model automatically acquires features 

from input data and makes judgements using them (Lan, 

2020). 

 

4. Transformed-Based Models 
Over the past few years, the transformer model has 

changed Natural Language Processing (NLP). BERT, GPT-3, 

and Roberta lead many NLP tasks, outperforming RNNs; 

however, they make it difficult to compare. This section will 

highlight transformer-based models’ benefits and weaknesses. 

 

4.1. Overview of Transformer Architecture  

As stated by Schmuck et al. (2020), a year later, in 

“Attention is All You Need” (1), Vaswani et al. talked about 

the transformer design. Transformer is an artificial neural 

network model that can do jobs like machine translation and 

text summarization that involve going from one sequence to 

another. The main thing that makes this transformer unique is 

its self-attention system, which lets it pay equal attention to 

many parts of the input sequence at once and judge their 

importance. 

 

4.2. Self-Attention Mechanism 

The self-attention mechanism powers transformer 

architecture. This makes this task easy and crucial for the 

network. Transformers process all inputs, unlike RNNs. 

Connects inputs to complicated context. The input sequence 

(“key,” “value,” and “query”) is vectorized for self-attention. 

Keys and values are input data; queries are testing context.  

 

The model soft-axes query-key dot product attention 

weights. Attention weights emphasize the main input 

sequence step because context matters. Dot creating attention 

weight particular weights and values gives a model output 

vector (Ali et al., 2020). 
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4.3. Pre-Traning and Fine-Tuning Strategies 

As per Monarch (2021), transformer-based models are 

pre-trained on a large data set and then fine-tuned for NLP 

applications. Pretraining involves teaching the model to read 

a large text corpus or the full internet to understand context 

and meaning. In this situation, fine-tuning tailors the pre-

trained model to NLP tasks like sentiment analysis and 

question answering. Transformer-based models require pre-

training and fine-tuning to master. After pre-training with 30 

million words and fine-tuning with NLP tasks, BERT has 

shown almost adequate performance (2). 

 

4.4. Comparison of Different Transformer Variants 

Many common transformer architectures have been 

introduced since its release more than a decade ago. These 

architectures all provide various levels of effectiveness. Some 

of the most popular transformer variants include: Some of the 

most popular transformer variants include: BERT 

(Bidirectional Encoder Representations from Transformers) 

As a pre-trained language model, BERT excels at several NLP 

tasks. Based on a multi-layer bidirectional transformer 

encoder. The model represents word meanings with 

contextualized expressions. 

 

4.5.1.GPT (Generative Pretraining Transformer)  

GPT generates text with a transformer-based pre-trained 

language model. It scored highest in text-generating tasks after 

targeting 45 million words. 

 

4.5.2. RoBERTa (Robustly Optimized BERT Pretraining 

Approach)  

RoBERTa is an altered variant of the BERT model, which 

is commonly used for online text classification. It was changed 

to use Bert architecture and classified texts well in 

benchmarks. 

 

5. Transfer Learning In NLP 
Transfer learning has revolutionized Natural Language 

Processing (NLP) by letting researchers and programmers 

employ pre-trained models later. Next, it will explain transfer 

learning’s value and methodologies. Transfer learning 

applications are next. 

 

5.1. Importance and Role of Transfer Learning in NLP 

Transfer learning lets researchers utilize pre-trained 

model attributes for new tasks. Transfer learning is popular in 

NLP due to the increased data amount for training from 

scratch. Researchers spend more time on research since pre-

trained models save time, resources, and computing power 

(Paleyes, Urma and Lawrence, 2022). 

 

5.2.Transfer Learning Techniques 

As per Qin and Chiang (2019), NLP uses transfer learning 

methods, including feature extraction and pre-trained model 

overwriting. Feature extraction creates a new model using 

appropriate pre-trained features. This strategy works when the 

task the model must master later differs from the pretraining 

model. Trained sentiment analysis models can extract features 

from new topic models. When model weights are modified to 

a new target, fine-tuning happens. The example works if the 

following job matches pre-training. Pre-trained text 

classification models can be supplemented with sentiment 

analysis. 

  

5.3. ASE Studies 

Several case studies demonstrate how transfer learning 

improves NLP across domains. BERT, a popular pre-trained 

language model, has achieved several NLP performance 

records. BET multi-layer bidirectional transformer encoders 

provide context-based sentence word representations. 

Sentiment analysis, question answering, and language 

translation can use dataset adjustment.  

 

Discriminant BERT RoBERTa classifies text. In several 

text categorization benchmarks, RoBERTa surpassed trained 

models. Transfer learning improved low-resource language 

NLP. Researchers pretrained African language machine 

translation and text categorization models. 

 

6. Attention Mechanisms  
According to Taha, Cosgrave and Mckeever (2022), it 

appears that all NLP-specialized deep learning networks 

require attention. Models’ ability to focus on language input 

that people cannot manually produce revolutionizes language 

processing. This paper will study NLP attention methods, 

focus on different sorts of attention, and show how they 

improve model performance and transparency. 

NLP models focus on input words, phrases, and sentences 

using attention. Some features grow more important as the 

material lengthens, from paragraphs to articles. The model 

calculates each aspect’s value and draws the necessary 

conclusion. 

  

6.1. Types of Attention Mechanisms 

 There are two primary types of attention mechanisms used 

in NLP. These are the essential modules that the Transformer 

model comprises: 1) self-attention and 2) multi-head attention. 

 

6.1.1.Self-Attention 

The self-attention model finds hidden information in 

input data and highlights it in different areas. Imagine reading 

a phrase and focusing on certain words. Like self-attention, 

various data items are weighted based on their value to the 

current mode of action (Tekouabou et al., 2022). 

 

6.1.2.Multi-Head Attention 

Multi-head attention allows models to work in parallel 

with different attention heads focused on different subspaces 

at different points. A model with multi-head attention learns 

to focus on both the total input data and each portion. 
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6.1.3.Improving Model Interpretability And Performance 

As stated by Ullal et al. (2021), attention mechanisms 

have given considerable steps in the domain of model 

transparency which also stands for greater performance in 

NLP work and discussions. Attention mechanisms, as one of 

the fundamental features of input data processing, allow for 

deep investigation of selected areas. Models use the approach 

in order to catch long-range dependencies and contextual 

linkages.  
 

The precedent leads to a qualitative improvement in the 

model, which leads to an improved understanding of language 

and gives more accurate outcomes. Finally, attention 

processes play a significant role in limiting the effect of noise 

in the input data. Through selective emphasis on the input and 

paying attention to the most critical parts, models are able not 

only to perform more effectively but also to provide superior 

results.  
 

In addition, the mechanism of attention supplies a 

guideline to understand and comprehend the model’s 

decision-making process. Through attention weights analysis, 

it will be feasible to specify which sections from the input 

data, that the model is relying on and why. This system-

transparency created is highly useful in the trustworthiness 

component of NLP systems. 
 

In summary, attention mechanisms have now constituted 

a significant part of deep learning model recipes for natural 

language comprehension jobs. They help models learn topical 

topics without missing key sections of input data long-range 

dependencies and thus much better produce the proper 

outputs. By making attention processes more understandable 

and superb, they have changed the process of language 

processing into a revolution in the field of language 

understanding. 
 

7. Self-Supervised Learning 
Self-supervised learning predicts incoming data 

properties without labels or assistance. Natural language 

processing (NLP) has become a hot field because models can 

be trained on vast, cheap, and readily unlabeled datasets. Self-

supervised learning has several benefits for NLP tasks, 

including. 
 

7.1. Improved Performance 

As stated by Vamathevan et al. (2019), self-supervised 

learning can pretrain machines on large levels of data to be 

able to extra-large self-learning high semantic and syntactic 

features and further fine-tuned the same for specialized NLP 

tasks, which ultimately paves the way for enhanced 

performance. 
 

Self-supervision can take the matter of labelling data to a 

level of being time- and cost-consuming, without even 

mentioning that scarcity of labeled data is only the case for 

less-resourced languages. 

7.2. Transfer Learning 

 Pre-trained models can be employed right away for a 

multitude of NLP  tasks. Therefore, the transfer of learning 

knowledge gives an additional advantage in attacking the 

other tasks. The process of masking words and predicting 

them through a scaffold of the whole sentence, along with 

autoencoding, are the two major techniques of self-supervised 

learning in NLP. 

 

A masked language model is trained so that it learns to 

predict the tokens in the subset (words or characters) that have 

been replaced by special tokens (mask). The model learns 

which token in context was replaced by the token that was 

given, so it is an encoder-only model. The approach makes it 

possible for the model to learn both the meaning and form 

relations between the tokens, leading to an increase in its 

ability to the language understanding (Zhang, 2021). 

 

Even autoencoding trains a model to classify labels for 

the input data, taking into consideration the compressed 

indicators. In NLP, the process can be achieved by vectorizing 

a sentence or a paragraph into a lower-dimensional space and 

then decoding it back to the original phrase. This way, the 

model identifies the language phenomenon deep within, 

namely, syntax and semantics, and easy to generate text 

translation or summarization (Sarker et al., 2020). 

 

8. Conclusion and Future Directions 
This paper examines the latest work architecture deep 

learning for natural language processing advances. Deep 

learning’s importance in NLP, sequential data problems, and 

evolutionary architectures’ solutions were discussed. Then, it 

examines the development of RNNs, CNNs, and Transformer-

constructed models. It is found that transfer learning, attention 

processes, and self-supervised learning improve NLP models. 

However, substantial computational resources and large 

volumes of labelled data are needed to explain why the model 

makes specific judgements in many circumstances. The next 

phase is to research new models with efficacy, interpretation, 

and adaptability for a variety of NLP tasks. 

 

8.1. Natural Language Processing 

As natural language processing advances, the next 

challenge is leveraging breakthroughs and creating the future. 

It presumably avoids NLP model robustness, accuracy, and 

interpretability. These advancements can be achieved by 

developing strategies to help models manage exceptional 

inputs without being over-computationally hard and by 

increasing transparency in model decision-making.  

 

NLP models may integrate images, videos, and audio, 

among other developments. This will enable speech subject 

and subtlety consideration, improving NLP tasks. It can 

predict increased research on transfer learning and few-shot 

learning technologies that enable adaptation to new tasks and 

domains without training data (Uddin et al., 2019). 
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8.2. Recurrent Neural Networks 

RNNs, which is the deep learning architecture type that 

exhibits a high performance when it comes to Natural 

Language Processing (NLP) activities, have the possibility of 

revolutionizing the way the research is done. RNNs are useful 

for language modelling, machine translation, and text 

classification since they handle sequential data. There are two 

basic RNN types: Simple RNNs and LSTM networks have 

stacking gradient-based faults. Simple RNNs update each time 

step using their own hidden state, but LSTM networks use a 

more complex design that can selectively forget or keep prior 

learning. Research shows that LSTM networks outperform 

Simple RNNs for several NLP applications. LSTM networks 

handle long-run factors well; hence, they perform better than 

Simple RNNs for language modelling. Machine translation 

used LSTM networks in word processing sequences and 

succeeded in the leading technology despite other attempts to 

catch it. 
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