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ABSTRACT 

Natural Language Processing (NLP) has experienced significant advancements through the 

development of classical machine learning, deep learning, graph-based, and transformer 

architectures for tasks such as text classification, semantic analysis, and contextual embedding 

generation. However, the growing complexity of textual data creates challenges related to scalability, 

computational efficiency, contextual understanding, and resource consumption. Recently, hybrid 

quantum–classical frameworks have emerged as promising solutions by leveraging quantum 

parallelism, entanglement, and high-dimensional feature representation capabilities. This review 

paper presents a comprehensive comparative analysis of various NLP approaches, including SVM, 

Random Forest, Naïve Bayes, LSTM, GCN, Quantum State Embedding Attention (QSEA), 

Quantum-based LSTM (QLSTM), Vision Transformer-integrated hybrid pipelines, and HQML-NLP 

frameworks. The study evaluates these models based on methodology, strengths, limitations, and 

NLP applications while identifying key research gaps such as scalability limitations, hardware 

constraints, benchmarking challenges, and explainability issues in quantum NLP systems. 

Furthermore, the paper formulates research hypotheses and highlights future research directions for 

the development of scalable, efficient, and context-aware hybrid quantum NLP architectures. 

Keywords : Natural Language Processing (NLP), Quantum State Embedding Attention (QSEA), 

Quantum-based LSTM (QLSTM), Convolutional Neural Networks (CNNs), and Long Short-Term 

Memory (LSTM). 

1. INTRODUCTION 

Natural Language Processing (NLP) has become one of the most influential domains in artificial 

intelligence due to the rapid growth of digital communication, social media, online services, 

healthcare records, and intelligent conversational systems. NLP enables machines to understand, 

interpret, process, and generate human language for applications such as sentiment analysis, 

machine translation, question answering, document classification, recommendation systems, and 

cybersecurity analytics. 

Traditional machine learning algorithms, including Support Vector Machines (SVM), Naïve Bayes, and 

Decision Trees, initially dominated NLP tasks. Later, deep learning architectures such as Recurrent 

Neural Networks (RNNs), Long Short-Term Memory (LSTM) networks [1], Convolutional Neural 

Networks (CNNs), and transformer-based models significantly improved language understanding and 

contextual representation learning. Models such as BERT [2], GPT, RoBERTa, and T5 revolutionized 

contextual embedding generation by capturing semantic relationships across large-scale textual 

corpora. 
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Despite these advancements, modern NLP systems encounter several challenges. High 

computational complexity, increasing memory requirements, training costs, energy consumption, 

and scalability limitations affect the deployment of large language models. Furthermore, contextual 

embedding generation for massive datasets requires substantial computational resources and 

optimized representation learning techniques. 

Quantum computing has emerged as a promising solution for addressing computational limitations 

in machine learning and NLP. By leveraging quantum superposition, entanglement, and quantum 

parallelism, quantum machine learning (QML) models can potentially process high-dimensional data 

more efficiently than classical systems [3]. Hybrid quantum–classical frameworks integrate the 

strengths of classical deep learning architectures with quantum computational capabilities to 

enhance NLP performance while improving scalability and contextual understanding. 

This review paper presents a detailed analysis of hybrid quantum–classical frameworks for scalable 

text classification and contextual embedding generation in NLP. The paper critically reviews existing 

literature, identifies research gaps, formulates research hypotheses, and outlines future research 

directions. 

The paper is organized as follows: Section 1 gives the introduction, followed by the literature review 

in Section 2. Section 3 describes the research gap, and Section 4 describes the objectives of the 

study. Section 5 gives the research hypothesis, and the proposed framework is elaborated in Section 

6, followed by a comparison in Section 7. Finally, the paper concludes in section 8.  

2. LITERATURE REVIEW 

2.1 Classical NLP Approaches 

Classical NLP models have evolved from statistical learning approaches to sophisticated deep 

learning architectures. 

2.1.1 Traditional Machine Learning Methods 

Paper [4] discusses the evolution of text classification techniques in Natural Language Processing, 

highlighting the role of classical machine learning algorithms such as Support Vector Machines 

(SVMs) in handling high-dimensional textual data. The study explains how SVMs, combined with 

feature extraction methods like BoW and TF-IDF, have been effectively used for applications including 

sentiment analysis, spam detection, and hate speech classification. It also presents the transition 

from traditional machine learning approaches to advanced deep learning models in modern NLP 

systems. 

The authors of paper [5] compared the performance of Random Forest and Naïve Bayes algorithms 

for classifying WhatsApp messages into normal, promotional, and fraudulent categories. The study 

applies preprocessing techniques and TF-IDF vectorization for text representation before 

classification. Experimental results show that Naïve Bayes achieved higher accuracy, consistency, and 

computational efficiency compared to Random Forest. The research highlights the effectiveness of 

machine learning approaches for spam and fraud detection in encrypted messaging platforms. 
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These models were widely used for text classification tasks such as spam detection, sentiment 

analysis, and topic classification. However, they relied heavily on manual feature engineering and 

struggled to capture semantic relationships in textual data. 

2.1.2 Deep Learning Models 

Deep learning improved automatic feature extraction and semantic understanding. 

This paper [6] explored sentiment classification of Chinese short-text MOOC course reviews using an 

improved LSTM model. The study integrates BERT-based pseudo labeling, relational networks, and an 

attention mechanism to enhance text classification performance. Experimental results demonstrate 

that the proposed model achieved better accuracy and overall performance compared to other 

classification methods. 

The authors in the paper [7] reviewed Graph Convolution Network (GCN)-based approaches for text 

classification in applications such as sentiment analysis, fake news detection, and document 

classification. The study summarizes different GCN architectures, compares their performance on 

benchmark datasets, and discusses their strengths, limitations, and future research directions. 

2.2 Quantum Computing Fundamentals 

Quantum computing utilizes principles of quantum mechanics to perform computations. 

The authors in the paper [8] proposed a Quantum State Embedding Attention (QSEA) framework for 

scalable and efficient natural language processing using quantum-inspired transformers. The model 

encodes tokens as quantum-inspired states and applies entangled-state attention mechanisms to 

capture long-range semantic dependencies. Experimental results show improved accuracy, 

contextual understanding, and scalability for large multilingual NLP datasets. 

2.3 Quantum Machine Learning (QML) 

The paper [9] reviews the evolution of quantum computing and quantum machine learning for 

natural language processing applications. The study explores the use of quantum-based Long 

Short-Term Memory (LSTM) models for parts-of-speech tagging in social media code-mixed language 

datasets. Experimental results demonstrate that quantum-based LSTM achieved better performance 

compared to classical LSTM models. 

The authors of this paper [10] proposed an embedding-aware hybrid quantum–classical pipeline 

integrating Vision Transformer (ViT) embeddings with Quantum Support Vector Machines (QSVMs) to 

address scalability challenges. The study demonstrates that ViT embeddings significantly improve 

quantum classification accuracy compared to classical SVMs, while CNN-based features show 

reduced performance. Experimental results highlight the strong synergy between transformer 

attention mechanisms and quantum feature spaces for scalable quantum machine learning. 

These techniques demonstrate potential improvements in high-dimensional data representation and 

optimization. 

2.4 Hybrid Quantum–Classical Frameworks in NLP 

Hybrid frameworks combine classical deep learning models with quantum circuits. 
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The paper [11] proposes HQML-NLP, a hybrid quantum–classical framework for detecting 

AI-generated academic content using Sentence-BERT embeddings and quantum feature encoding. 

The model integrates a parameterized quantum circuit with a lightweight neural classifier to improve 

scalability, interpretability, and efficiency. Experimental results on benchmark datasets demonstrate 

high detection accuracy, strong calibration performance, and significantly lower trainable parameters 

compared to transformer-based methods. 

3. IDENTIFIED RESEARCH GAPS 

Based on the literature review, the following research gaps are identified: 

3.1 Limited Scalability 

Most existing hybrid quantum NLP systems are tested only on small datasets and simplified tasks. 

3.2 Lack of Benchmark Datasets 

There is no universally accepted benchmark dataset for evaluating quantum NLP systems. 

3.3 Insufficient Contextual Embedding Research 

Limited studies focus specifically on contextual embedding generation using quantum models. 

3.4 Hardware Constraints 

Current quantum hardware suffers from noise, limited qubits, and instability. 

3.5 Explainability Issues 

Hybrid quantum models lack transparency and interpretability mechanisms. 

3.6 Computational Complexity 

Quantum circuit optimization remains computationally expensive. 

3.7 Limited Comparative Studies 

Few studies compare hybrid frameworks directly with transformer-based classical models. 

4. OBJECTIVES OF THE STUDY 

The major objectives of this review paper are: 

1.​ To analyze existing hybrid quantum–classical frameworks used in NLP applications.  

2.​ To investigate scalable text classification techniques using quantum-enhanced models.  

3.​ To examine contextual embedding generation approaches in hybrid architectures.  

4.​ To identify existing research gaps and technical limitations in quantum NLP systems.  

5.​ To formulate clear research hypotheses for future hybrid quantum NLP research.  

6.​ To propose future research directions for scalable and efficient NLP systems. 

5. RESEARCH HYPOTHESES 

The following hypotheses are formulated based on the identified research gaps: 

H1 

Hybrid quantum–classical architectures improve semantic representation learning compared to 
traditional NLP models. 

H2 
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Quantum-enhanced contextual embedding generation produces higher-quality semantic features for 
text classification tasks. 

H3 

Hybrid quantum frameworks can improve scalability and optimization efficiency in high-dimensional 
NLP problems. 

H4 

Current quantum hardware limitations significantly affect the practical deployment of large-scale NLP 
systems. 

H5 

Quantum-enhanced attention mechanisms can improve contextual understanding in 
transformer-based architectures. 

6. PROPOSED CONCEPTUAL FRAMEWORK 

The proposed conceptual hybrid framework consists of: 

1.​ Text preprocessing layer  
2.​ Classical embedding generation layer  
3.​ Quantum feature encoding module  
4.​ Variational quantum processing layer  
5.​ Hybrid attention mechanism  
6.​ Classical classification layer  

7.​ Output prediction module  

 

Figure 1. Conceptual Hybrid Framework 

The framework shown in Figure 1 aims to integrate quantum computational advantages with the 

robustness of classical deep learning models. 

1. Text Preprocessing Layer 
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The text preprocessing layer prepares raw textual data for analysis by removing unnecessary 

information and standardizing the text format. This stage includes operations such as lowercasing, 

tokenization, stopword removal, stemming, and lemmatization to improve data quality and reduce 

noise. The processed text is then converted into a structured form suitable for embedding generation 

and further computational analysis. 

2. Classical Embedding Generation Layer 

This layer transforms the processed textual data into dense numerical vector representations using 

pretrained embedding models such as BERT, SBERT, or Word2Vec. These embeddings capture 

semantic and contextual relationships between words and sentences, enabling the model to 

understand linguistic meaning effectively. The generated embedding vectors serve as input for the 

quantum feature encoding stage. 

3. Quantum Feature Encoding Module 

The quantum feature encoding module maps classical embedding vectors into quantum states using 

quantum gates and qubit representations. This process enables high-dimensional semantic 

information to be encoded within quantum feature spaces, leveraging principles such as 

superposition and entanglement. The encoded quantum states are then forwarded to the variational 

quantum processing layer for advanced feature learning [12]. 

4. Variational Quantum Processing Layer 

This layer consists of parameterized quantum circuits (PQCs) or variational quantum circuits (VQCs) 

designed to process encoded quantum features efficiently. Quantum gates with trainable parameters 

perform complex transformations and optimization of feature representations. The variational layer 

enhances the extraction of meaningful semantic patterns while improving scalability and 

computational efficiency. 

5. Hybrid Attention Mechanism 

The hybrid attention mechanism combines outputs from both classical embeddings and quantum 

representations to capture long-range contextual dependencies in textual data. By integrating 

classical semantic understanding with quantum-enhanced contextual learning, this layer improves 

the model’s ability to focus on important textual features. This results in a richer and more 

context-aware hybrid representation. 

6. Classical Classification Layer 

The classical classification layer utilizes fully connected neural networks to perform final feature 

learning and classification tasks. Activation functions such as ReLU and optional dropout mechanisms 

are used to improve learning performance and prevent overfitting. This layer processes the hybrid 

representations and predicts the appropriate text category. 

7. Output Prediction Module 

The output prediction module generates the final classification result based on the learned hybrid 

feature representations. It produces prediction labels such as sentiment classes, spam detection 
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outcomes, AI-generated text identification, or topic categories. The module serves as the final 

decision-making component of the hybrid quantum–classical NLP framework. 

 

 

7. COMPARATIVE ANALYSIS OF CLASSICAL, DEEP LEARNING, AND HYBRID QUANTUM–CLASSICAL 

APPROACHES FOR TEXT CLASSIFICATION IN NLP 

The following table (Table 1) presents a comparative analysis of various classical, deep learning, 

graph-based, and hybrid quantum–classical approaches used for scalable text classification and 

contextual embedding generation in Natural Language Processing (NLP). 

Table 1. Comparative Analysis of Classical, Deep Learning, and Hybrid Quantum-classical approaches  

Technique / 

Model 

Key Approach Strengths Limitations NLP 

Applications 

SVM with BoW 

and TF-IDF 

Classical machine 

learning using 

feature extraction 

techniques for 

text 

representation 

High accuracy for 

small and medium 

datasets, efficient 

for 

high-dimensional 

text data 

Limited contextual 

understanding and 

semantic 

representation 

Sentiment 

analysis, spam 

detection, 

document 

classification 

Random Forest 

and Naïve 

Bayes 

Ensemble learning 

and probabilistic 

classification with 

TF-IDF features 

Fast training, good 

classification 

efficiency, 

effective spam 

detection 

Lower contextual 

learning capability 

compared to deep 

learning models 

Fraud detection, 

WhatsApp spam 

filtering, text 

categorization 

LSTM-based 

Sentiment 

Classification 

Deep learning 

sequence model 

with attention 

mechanisms and 

BERT pseudo 

labeling 

Captures 

sequential 

dependencies and 

contextual 

information 

effectively 

High 

computational 

complexity and 

longer training 

time 

Sentiment 

analysis, MOOC 

review 

classification 

GCN-based 

Text 

Classification 

Graph 

Convolution 

Networks for 

semantic 

relationship 

modeling in text 

Captures 

structural and 

relational textual 

information 

efficiently 

Scalability 

challenges for large 

graph datasets 

Fake news 

detection, 

sentiment 

analysis, 

document 

classification 

Quantum State 

Embedding 

Quantum-inspired 

transformer using 

quantum state 

Improved 

scalability, 

contextual 

Requires complex 

quantum-inspired 

computations and 

Large-scale NLP 

tasks, 
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Attention 

(QSEA) 

embeddings and 

entangled 

attention 

understanding, 

and multilingual 

processing 

high 

implementation 

complexity 

multilingual 

translation 

Quantum-base

d LSTM 

(QLSTM) 

Hybrid 

quantum-classical 

LSTM integrating 

quantum 

processing for 

sequence learning 

Better 

performance than 

classical LSTM in 

code-mixed 

datasets 

Hardware 

limitations and 

quantum resource 

constraints 

Parts-of-speech 

tagging, social 

media text 

analysis 

Embedding-aw

are Hybrid 

Quantum–Clas

sical Pipeline 

with ViT 

Integration of 

Vision 

Transformer 

embeddings with 

Quantum SVMs 

Improved 

classification 

accuracy and 

scalable quantum 

feature learning 

Dependent on 

embedding quality 

and quantum 

hardware 

availability 

Image-text 

classification, 

scalable 

quantum 

machine 

learning 

HQML-NLP Hybrid 

quantum-classical 

framework using 

Sentence-BERT 

and quantum 

feature encoding 

High detection 

accuracy, reduced 

trainable 

parameters, 

scalable 

architecture 

Requires advanced 

quantum-classical 

integration 

mechanisms 

AI-generated 

text detection, 

academic 

content analysis 

 

8. CONCLUSION 

Natural Language Processing has evolved significantly from traditional machine learning approaches 

such as SVM, Random Forest, and Naïve Bayes to advanced deep learning, graph-based, and 

transformer architectures for text classification and contextual embedding generation. Although 

these models have improved semantic understanding and classification accuracy, challenges related 

to scalability, computational complexity, contextual representation, and resource consumption 

continue to limit their effectiveness in large-scale NLP applications. This review analyzed various 

classical, deep learning, graph-based, and hybrid quantum–classical frameworks, including LSTM, 

GCN, QSEA, QLSTM, ViT-integrated hybrid pipelines, and HQML-NLP models, highlighting their 

methodologies, strengths, limitations, and application areas. 
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