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Abstract: Natural Language Processing (NLP) has witnessed significant advancements with the advent of 

Transformer-based architectures. Vision Transformers (ViTs), initially designed for image recognition 

tasks, have recently demonstrated potential in NLP applications due to their ability to handle sequential data 

effectively. This paper explores the application of Vision Transformers in NLP, focusing on their 

architecture, adaptation for text data, and comparative performance analysis with traditional NLP models. 

The study aims to investigate the application of Vision Transformers in NLP, assess their performance 

compared to traditional models, and identify potential areas for improvement. The results indicate that 

Vision Transformers can outperform conventional models in certain NLP tasks, offering a promising avenue 

for future research. 
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1. INTRODUCTION 

Natural Language Processing (NLP) is a field that combines computer science, artificial intelligence, and 

linguistics to enable computers to understand, interpret, and respond to human language. Traditional NLP 

models, such as Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks, 

have been effective but have limitations in capturing long-range dependencies. The introduction of 

Transformer models, particularly the Bidirectional Encoder Representations from Transformers (BERT) and 

its variants, marked a significant leap in NLP capabilities.Vision Transformers (ViTs) [1] were introduced 

as a novel approach to image recognition by Dosovitskiy et al. (2020). Unlike Convolutional Neural 

Networks (CNNs), ViTs rely on the Transformer architecture, which processes an image as a sequence of 

patches. This sequence-based processing mechanism suggests that ViTs could be adapted for NLP tasks, 

where text is inherently sequential. 

       

2. LITERATURE SURVEY 

[1]Vision Transformers (ViTs), introduced by Dosovitskiy et al. (2020), were initially designed for image 

recognition tasks. ViTs adapt the Transformer architecture to process images by dividing them into fixed-

size patches and treating these patches as sequences, similar to the way Transformers process text. This 

novel approach allows ViTs to capture spatial relationships within images effectively and has demonstrated 

competitive performance with traditional Convolutional Neural Networks (CNNs) on various image 

classification benchmarks. 
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[2] One of the most influential Transformer-based models is BERT (Bidirectional Encoder Representations 

from Transformers), developed by Devlin et al. (2019). BERT's bidirectional training approach enables it to 

consider the context from both directions (left-to-right and right-to-left) simultaneously, leading to 

substantial improvements in various NLP tasks such as question answering, sentiment analysis, and named 

entity recognition. BERT's success has paved the way for numerous variants and extensions, including 

RoBERTa (Liu et al., 2019) and ALBERT (Lan et al., 2020), which further optimize and enhance the 

Transformer architecture for NLP. 

 [3]The field of Natural Language Processing (NLP) has experienced transformative advancements with the 

introduction of Transformer-based architectures. Transformers, introduced by Vaswani et al. (2017), have 

revolutionized NLP by enabling models to capture long-range dependencies and context more effectively 

than traditional Recurrent Neural Networks (RNNs) and Long Short-Term Memory (LSTM) networks. 

Transformers employ a self-attention mechanism that allows for parallel processing of input data, 

significantly enhancing computational efficiency and scalability. 

3. METHODOLOGY 

3.1 Data Preparation 

For this study, we used the GLUE (General Language Understanding Evaluation) benchmark dataset, which 

includes a diverse set of NLP tasks such as sentiment analysis, textual entailment, and sentence 

similarity.The primary data used in this study consists of performance metrics of three models: BERT, 

LSTM, and ViT (NLP). The metrics include accuracy, F1 score, and training time in hours. The data is 

structured as follows: 

 Model: The name of the model (BERT, LSTM, ViT (NLP)). 

 Accuracy: The accuracy percentage of each model. 

 F1 Score: The F1 score of each model. 

 Training Time (hours): The time taken to train each model in hours. 

3.2 Model Approach 

3.2.1 Vision Transformer model: 

 

Figure 1: Vision Transformer for NLP 

Algorithm : Process _Text _With _Transformer_ Encoder(input_text): 

http://www.ijcrt.org/


www.ijcrt.org                                                          © 2024 IJCRT | Volume 12, Issue 7 July 2024 | ISSN: 2320-2882 

IJCRT2407722 International Journal of Creative Research Thoughts (IJCRT) www.ijcrt.org g334 
 

 

 

3.2.2 BERT (Bidirectional Encoder Representations from Transformers) model: 

Figure 2: BERT for NLP Algorithm: 

Process_Text_With_Transformer(input_tex

t): 
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3.2.3 LSTM model: 

Figure 3: LSTM for NLP Algorithm:  

Process_Text_With_LSTM(input_text) 

  

3.3.4 Training and Evaluation 

All models were trained using the same dataset split, with 80% for training and 20% for validation. The 

evaluation metrics included accuracy, F1 score, and computational efficiency. 

4. RESULTS AND DISCUSSION 

4.1 Model Accuracy 

The performance of the models in terms of accuracy is illustrated in Figure 4. The Vision Transformer (ViT) 

model demonstrated the highest accuracy at 90.5%, surpassing both BERT and LSTM models. Specifically, 

BERT achieved an accuracy of 89.2%, while LSTM lagged behind with an accuracy of 85.6%. This 

indicates that ViT can better capture long-range dependencies and complex patterns in the data compared to 

traditional models. 

 

4.2 F1 Score 

Figure 5 presents the F1 scores of the models, a metric that considers both precision and recall. Similar to 

the accuracy results, the ViT model outperformed the other models with an F1 score of 0.89. BERT 

followed closely with an F1 score of 0.88, while LSTM recorded an F1 score of 0.84. These results further 

reinforce the effectiveness of ViT in handling NLP tasks, providing a more balanced performance in terms 

of precision and recall. 

4.3 Training Time 

Training time is a critical factor in model selection, particularly for large datasets and complex models. As 

shown in Figure 6, the ViT model not only achieved higher accuracy and F1 scores but also required the 

least training time of 2.0 hours. In contrast, BERT required 2.5 hours, and LSTM took the longest training 

time at 3.0 hours. The reduced training time of the ViT model highlights its computational efficiency and 

potential for faster deployment in practical applications. 

4.4 Comparative Analysis 

Figure 7 combines the accuracy and F1 score metrics to provide a comprehensive comparison. The ViT 

model consistently shows superior performance across both metrics, highlighting its robustness and 

effectiveness in NLP tasks. On the other hand, while BERT performs well, it falls slightly short of ViT. 
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LSTM, despite being a traditional model, shows respectable performance but is clearly outpaced by the 

newer Transformer-based models. 

4.5 Training Efficiency 

Figure 8 visualizes the training times, emphasizing the efficiency of the ViT model. The ability of ViT to 

achieve higher performance metrics in less time is a significant advantage, particularly in scenarios where 

computational resources and time are constrained. 

4.6 Model Performance 

Model Accuracy F1 Score Training Time (hours) 

BERT 89.2% 0.88 2.5 

LSTM 85.6% 0.84 3.0 

ViT (NLP) 90.5% 0.89 2.0 

Table 1: BERT , LSTM ,ViT Performance 

5. EXPERIMENTAL SNAPSHOTS  

 

 The adapted Vision Transformer outperformed both 

BERT and LSTM models in terms of accuracy and F1 

score. Additionally, it demonstrated faster training 

times, likely due to the parallel processing capabilities 

of Transformer architectures. 

The superior performance of ViT in NLP tasks can be 

attributed to its ability to capture long-range 

dependencies and parallelize computations. The 

model's architecture allows it to process entire 

sequences simultaneously, rather than sequentially, as 

with RNNs. The successful adaptation of Vision 

Transformers for NLP tasks opens new avenues for 

research and application. Their ability to handle 

sequential data efficiently makes them suitable for a 

wide range of NLP tasks, potentially replacing or 

complementing existing Transformer-based models 

like BERT 

 

Figure 4: Model Accuracy 

 

Figure 5: Model F1 Score 

 

Figure 6: Model Training Time 
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Figure 7: Visualization-Model Accuracy with F1 Score 

 

Figure 8: Visualization- Model Training Time 

 

6. CONCLUSION 

The study demonstrates that Vision Transformers can be effectively adapted for NLP tasks, offering 

improved performance over traditional models in certain areas. Their parallel processing capabilities and 

ability to capture long-range dependencies make them a promising tool for advancing NLP research and 

applications. Future research should focus on enhancing the contextual understanding of ViTs, exploring 

hybrid models that combine the strengths of CNNs and ViTs, and evaluating their performance on more 

complex NLP tasks. 
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