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Abstract. 
This article proposes classical and quantum vectorization methods for text data 

classification, along with corresponding neural network architectures for classification 

based on these representations. The study applies classical and quantum variants of one-hot 

encoding, bag-of-words, TF-IDF, and word2vec vectorization techniques, which are 

respectively integrated with CNN, LSTM, MLP, and BiLSTM neural network models for text 

classification. All models are trained on the same dataset under identical experimental 

conditions, with classification accuracy and computational efficiency adopted as the primary 

evaluation metrics. Classical vectorization methods represent semantic and contextual 

properties of text in a limited manner, whereas quantum vectorization overcomes these 

limitations. When neural networks are trained using quantum-based representations, higher 

classification accuracy and significantly reduced computation time are achieved compared to 

classical approaches. The combined use of quantum word2vec and the BiLSTM architecture 

yields the highest performance among all evaluated models. The obtained results demonstrate 

that this approach is the most effective for text data classification, as it accurately 

captures semantic relationships and leverages deep neural network architectures. This study 
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may serve as a scientific foundation for future research aimed at developing more advanced 

neural architectures based on quantum computing paradigms. 
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Introduction 

Nowadays, millions of posts, comments, news articles, 

messages, forum entries, and data records are generated every 

day. This leads to a rapid growth in the volume of textual 

data and information available on the Internet. Such textual 

data typically reflect important characteristics, including 

user behavior, social trends, language usage, and linguistic 

patterns. In many cases, these data require preliminary 

processing and transformation, which enables the solution of 

numerous problems related to text classification. In 

particular, text classification makes it possible to address 

tasks such as sentiment analysis, spam and fake content 

filtering, identification of social trends, development of 

recommendation systems, text summarization, opinion mining, 

and prediction of user behavior (Ajibosin & Cetinkaya, 2024). 

In recent years, quantum computing has been increasingly 

applied to solving problems related to text analysis and 

classification. It enables efficient preprocessing, analysis, 

and classification of large-scale datasets within a short 

time frame (Santi et al., 2023). Numerous scientific and 

practical studies on the application of quantum computing and 

quantum algorithms have been reported in the literature 

(Loglisci et al., 2024, Muhamediyeva et al., 2025a, Turgunova 

et al., 2023a, Mamatov et al., 2025, Niyozmatova & Turgunova, 

2025, Muhamediyeva et al., 2025b, Muhamediyeva et al., 2025c, 

Muhamediyeva et al., 2024, Mukhamedieva et al., 2024, Mamatov 

et al., 2024, Mamatov & Nuritdinov, 2025, Turgunova et al., 

2023b). Quantum computing is a novel technology that leverages 

the principles of quantum mechanics to process information 

and solve problems that are computationally complex for 

classical computers (Khadiev & Safina, 2022). 

At present, the majority of the data in use are textual, 

and one of the core fields of artificial intelligence focused 

on processing such data and understanding human language is 

Natural Language Processing (NLP). Through NLP, tasks such as 

speech recognition, machine translation, and text data 

classification can be effectively addressed. The inherent 

complexity and adaptability of natural language give rise to 

numerous challenges in implementing NLP tasks. These 

challenges can be more efficiently addressed through quantum 
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computing technologies. In recent years, researchers have 

proposed quantum computing–based NLP models, leading to the 

emergence of Quantum Natural Language Processing (QNLP) 

approaches aimed at advancing language understanding and text 

analysis (Peral-García et al., 2024, Liu et al., 2024). 

In order to address the aforementioned problems and 

achieve the research objectives, text vectorization and their 

subsequent classification using neural networks play a 

crucial role. Although traditional vectorization methods have 

been applied in combination with various neural architectures 

and have yielded a number of results, their computational 

efficiency and classification accuracy remain insufficient. 

Current research in this area is focused on optimizing 

classical vectorization techniques, improving neural network 

architectures, and integrating quantum computing approaches 

into text data processing. However, in existing work, the 

issues of determining the appropriate neural architecture for 

each vectorization, as well as comparative analysis of quantum 

and classical approaches on the basis of the same 

architectures, have not been sufficiently studied. 

Literature analysis 

Quantum computing enables the representation of data in 

a high-dimensional Hilbert space by exploiting the principles 

of superposition and entanglement. This allows complex tasks 

to be executed in parallel within time 
( )logO N

. Tasks of the 

same complexity require time 
( )logO N N

 when performed on a 

classical computer. By comparison, quantum computing can 

solve such problems up to N  times faster than classical 

computation. Approaches based on quantum technologies have 

been implemented in the following studies (Peral-García et 

al., 2024). 

Date and Smith (2024) proposed the Quantum Discriminator 

(QD) model, designed to address binary classification tasks. 

The proposed model exploits fundamental principles of quantum 

mechanics, including superposition and entanglement, and 

demonstrates a 3–6% improvement in accuracy compared to 

classical discriminators. By encoding data within a Hilbert 

space, the computational complexity of the training process 
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is reduced. Moreover, this representation is suggested as a 

methodological foundation for training LSTM networks through 

quantum vectorization (Date & Smith, 2024). In a related 

study, Loglisci, Malerba, and Passazio (2024) introduced the 

QUARTA model, a hybrid framework that integrates quantum-

based supervised and unsupervised learning paradigms. The 

model employs Variational Quantum Circuits (VQCs) to enable 

continuous learning, allowing the identification of complex 

inter-variable dependencies and ensuring high predictive 

accuracy (Loglisci et al., 2024). 

Tiwari and Melucci (2019) proposed a binary 

classification algorithm grounded in quantum mechanics (QM), 

specifically based on quantum signal detection theory. Their 

approach employs a Quantum-Inspired Binary Classifier (QIBC) 

to perform classification on textual and graphical datasets. 

The experimental results demonstrate that the proposed method 

outperforms conventional machine learning algorithms—such as 

Naive Bayes, Support Vector Machines (SVM), and KNN—in terms 

of accuracy, recall, and F1-score. In addition, the authors 

report a reduction in computational time compared to classical 

approaches. In this study, quantum mechanics and traditional 

classification methods are analyzed, and the necessity of 

developing a new classification approach is substantiated 

through scientific justification (Tiwari & Melucci, 2019). 

Prabhat and co-authors (2023) investigated the potential of 

using quantum algorithms for text classification and proposed 

the Quantum Text Classifier (QTC) approach. In this framework, 

data preprocessing and postprocessing are performed on 

classical computers, while the core classification task is 

carried out using Quantum Machine Learning (QML) algorithms. 

This represents an important step toward the application of 

QML approaches to NLP tasks (Santi et al., 2023). 

Soloveva and Abdullakh (2021) proposed a Separable 

Convolutional Neural Network (SCNN) model, in which vector 

representation, separable convolutional layers, and average 

pooling layers are combined for binary and multi-class text 

classification. Their approach achieved high classification 

accuracy while reducing the number of parameters by 

approximately 30% (Solovyeva & Abdullah, 2021). 

Komorniczak and co-authors (2023) proposed addressing the 



 
 
 

 

INFORMATION AND WEB TECHNOLOGIES 

250 

 

This work is distributed under the terms of the Creative 
Commons Attribution-ShareAlike 4.0 International License 

(https://creativecommons.org/licenses/by-sa/4.0/). 

Proceedings of the 11th International 
Scientific and Practical Conference 
«International Scientific Discussion: 
Problems, Tasks and Prospects»  
 

(February 19-20, 2026).  
Brighton, United Kingdom 

 
 

No 
283 

task of text summarization identification as a binary 

classification problem. In their study conducted on the BBC 

News Summary dataset, high classification accuracy was 

achieved by applying TF-IDF, CountVectorizer, and term 

frequency representations in combination with Gaussian Naive 

Bayes and MLP classification models (Komorniczak et al., 

2023). 

The literature review indicates that high performance in 

binary classification can be achieved by integrating quantum 

and classical machine learning models. Quantum computing 

enables data representation in high-dimensional spaces 

through the principles of superposition and entanglement. 

In this study, quantum and classical vectorization 

approaches were applied, trained using corresponding neural 

network models, and systematically compared. The main 

objective of the research is to identify the most suitable 

neural network architecture for each vectorization method 

(one-hot, bag of words (BoW), TF-IDF, and word2vec), as well 

as to compare quantum and classical approaches under identical 

neural architectures. Quantum vector representations were 

constructed and used to train neural network models such as 

LSTM, BiLSTM, CNN, and MLP. The obtained results were compared 

with those of classical vectorization methods in terms of 

classification accuracy, training time, and inference time. 

The methodology of the proposed approach is presented below. 

Methodology 

In this study, quantum vectorization approaches and deep 

learning–based neural network methods are proposed for binary 

classification of textual data. The proposed framework covers 

the main stages of text processing, including data 

preprocessing, vectorization based on quantum computing 

principles, and training and classification using neural 

networks. 

The experiments were conducted in the Python programming 

environment using the NumPy, Pandas, Scikit-learn, and 

TensorFlow/Keras libraries. Experimental evaluations were 

performed on a spam text dataset obtained from the open-source 

Kaggle platform. The dataset was split into training and 

testing sets with proportions of 80% and 20%, respectively. 

Using this dataset, classification was carried out based on 
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the proposed algorithms. The proposed algorithm consists of 

the following stages. 

Stage 1. Data preprocessing. The given text is represented 

as follows: 

 

 1 2, ,..., nT t t t=
 

 

Here, T  denotes the input text, it represents the 𝑖-th word in 
the text, and 𝑛 is the total number of words in the text. 

 

All texts passed to the model undergo a preprocessing 

stage. It is performed as follows: 

• conversion of all characters to lowercase; 
• removal of numbers, punctuation marks, and special 

characters; 

• cleaning of HTML tags; 
• removal of extra whitespace and line breaks; 
• tokenization. 
The text is then normalized and standardized in accordance 

with the quantum vectorization modules. As a result, a 

corresponding text representation is formed. 

 

 1 2, ,..., mT t t t   =
,m n , 

 

here, T  denotes the cleaned text, it denotes a cleaned word, 
and m  denotes the number of words after preprocessing. 

 

Step 2. A superposition state is constructed in the 

Hilbert space representing the vocabulary elements. Let the 

vocabulary size be 
V N=

; the number of qubits required to 

represent it is computed according to the following formula. 

 

2logn N=    . 
 

A Hadamard gate is applied to all qubits to create a 

quantum superposition state. 
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0 0
nnH

=
. 

 

The superposition state resulting from this 

transformation is defined as follows: 

 

2 1

0 0

1

2

n

xn
x

−

=
= 

, 

 

here, each 
x
 basis state corresponds to the potential token 

index in the vocabulary. This superposition enables parallel 

encoding of tokens and allows subsequent processing using 

quantum amplitudes and gates. 

 

Stage 3. Text Vectorization. Quantum one-hot, BoW, TF-

IDF, and word2vec algorithms were applied for vectorizing 

textual data. 

Quantum one-hot: Each token is encoded using a quantum 

phase: 

 

ji

jw e j


=
, 

 

here, jw  denotes the 
j
-th token in the text, 

jie


 is the 

complex amplitude, and j  represents the quantum phase. 

 

The text quantum vector is expressed as: 

 

 1 2, ,..., l d

i lQ q q q = 
, 

 

here, jq  denotes the quantum-encoded token vector, and l  is 
the total number of tokens in the text. 

 

The quantum one-hot vectorization method represents each 

word in the text as a vector corresponding to its index in 



 
 
 

 

INFORMATION AND WEB TECHNOLOGIES 

253 

 

This work is distributed under the terms of the Creative 
Commons Attribution-ShareAlike 4.0 International License 
(https://creativecommons.org/licenses/by-sa/4.0/). 

Proceedings of the 11th International 
Scientific and Practical Conference 
«International Scientific Discussion: 
Problems, Tasks and Prospects»  
 

(February 19-20, 2026).  
Brighton, United Kingdom 

 
 

No 
283 

the vocabulary. Quantum one-hot vectors are trained and 

classified using a Convolutional Neural Network (CNN). The 

architecture of the CNN model is illustrated in the figure 

below. 

 

 
Figure 1 

Architecture of the CNN neural network constructed based  

on quantum one-hot vectorization 

 

After the input layer, the model extracts local features 

through the convolutional layer, followed by a Global 

MaxPooling layer that selects the most significant features. 

The Dense layers then perform the final classification based 

on the extracted features. This architecture demonstrated 

effective performance in distinguishing between spam and 

normal texts. 

Quantum BoW: Each token if  is encoded into a quantum 
amplitude: 

 

2

1

i
i m

jj

f

f



=

=


, 

 

here, i  denotes the quantum amplitude, if  denotes the token 
frequency, and m  denotes the total number of tokens in the 

text. 

 

The BoW vectorization method converts text into a 

numerical representation based on word frequency. This 

approach does not consider word order but constructs a 
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vocabulary of the most frequently used words. The resulting 

vectors represent overall statistical features according to 

the composition of words in this vocabulary. In this study, 

BoW vectors were reshaped as sequences and trained and 

evaluated using an LSTM neural network. The architecture of 

the LSTM model used is shown in the figure below. 

 

 
Figure 2  

Architecture of the LSTM neural network used for BoW vectorization 

 

The LSTM model learns the hidden temporal dependencies 

within the text and performs classification through Global 

MaxPooling and Dense layers. This neural network demonstrated 

the highest performance when combined with BoW vectorization. 

Quantum TF-IDF: The quantum term frequency (TF) is 

calculated as follows: 

 

( )
( )

,
j k

j k

k

count w d
TF w d

d


=

, 

 

here, kd - k  - denotes the document. 
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The quantum IDF is formulated as follows: 

 

( )
( )

log
1

j

jd D

D
IDF w

I w d


 
 =
 + 
 

, 

 

here, 
D

 is the total number of documents in the corpus, and 

( )I 
 is the indicator function. 

 

( ) ( )

( ) ( )( )
2

,

,

j k j

j

l k ll

TF w d IDF w

TF w d IDF w




=


, 

 

here, i  is the normalized quantum TF-IDF amplitude. 

 

_

1

V

TF IDF j

j

j
=

 =
, 

 

here, _TF IDF
 - denotes the quantum amplitude of the word 

j
. 

 

The TF-IDF (Term Frequency–Inverse Document Frequency) 

vectorization method represents text as numerical vectors by 

evaluating the importance of words within a document. This 

approach assigns higher weights to rare but semantically 

significant words. In this study, TF-IDF vectors were 

classified using a Multilayer Perceptron (MLP) neural 

network. The neural network architecture used is shown in the 

figure below. 

The model consists of several fully connected hidden 

layers that extract high-level abstract features. In the final 

output layer, binary classification is performed using a 

sigmoid activation function. 

Quantum word2vec: Quantum word2vec vectors are 

constructed as follows: 
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( )i i jE w i = +
, 

 

here, 
( )iE w

 denotes the quantum complex phase vector, i  is 

the real value from the word2vec model, and ib  represents the 
vector phase. 

 

 
Figure 3 

Architecture of the MLP neural network constructed based on TF-IDF 

vectorization 

 

In quantum word2vec vectorization, words are represented 

as dense vectors positioned in a continuous phase space, 

preserving semantic similarity. In this study, quantum 

word2vec vectors were used to more deeply capture contextual 

relationships within the text. These vectors were fed into a 

bidirectional LSTM (BiLSTM) neural network. The architecture 

of the BiLSTM model used is shown in the figure below. 

The BiLSTM neural network analyzes the context in the 

text in both forward and backward directions. Global 

MaxPooling and Dense layers aggregate the extracted features 

to perform the final classification. This approach achieved 

the highest accuracy results in the experiments. 
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Figure 4 

Architecture of the BiLSTM neural network constructed based  

on quantum word2vec vectorization 

 

In this study, quantum one-hot, BoW, TF-IDF, and word2vec 

methods were applied to address the binary text classification 

problem, with each method trained on a dedicated neural 

network architecture. As a result, quantum one-hot, BoW, and 

TF-IDF achieved moderately good performance; however, they 

could not fully capture the deep semantic and contextual 

properties of the text. In contrast, the quantum word2vec 

vectorization method produced dense vectors that effectively 

preserved semantic similarity between words, enabling higher 

performance when combined with neural networks. The use of 

quantum word2vec vectors with a BiLSTM neural network allowed 

the model to comprehensively capture context based on both 

preceding and following words. Compared to other 

vectorization methods, this approach achieved the highest 

accuracy. The results demonstrate that the Word2Vec and BiLSTM 

combination is superior for binary text classification. 

Results 

In this study, classical and quantum approaches to one-

hot, BoW, TF-IDF, and word2vec vectorization were compared 

for the binary text classification task using corresponding 

neural network architectures. For each vectorization method, 

both classical and quantum approaches were trained and 

evaluated on the same neural network architecture. This 

methodology allowed for a comparative assessment of the impact 

of vectorization methods on model performance. For each 
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algorithm, the accuracy of classical and quantum approaches, 

the type of neural network, training and inference times, as 

well as loss function metrics, were compared. The experimental 

results are presented in the table below (Table 1). 

 

Table 1  
Results 

т/

р 

Types of 

vectorizat

ion 

 

Neura

l 

netwo

rk 

Classic

al 

approac

h 

Quantu

m 

approa

ch 

Classical Quantum 

Traini

ng 

time 

Tes

t 

tim

e 

Traini

ng 

time 

Tes

t 

tim

e 

1 One-hot CNN 83.4 86.5 228.6 1.2 100.6 0.5 

2 BoW 
LSTM 

86.4 87 1018.1 
6.6

8 
44.9 

0.1

5 

3 TF_IDF 
MLP 

82.9 92.1 326 
10.

8 
1.8 0.4 

4 Word2vec 
BiLST

M 
83 97.1 2286.3 520 12 2.5 

 

When one-hot vectors were trained using a CNN neural 

network, the classical approach achieved 83.4% accuracy, 

while the quantum approach reached 86.5% accuracy, showing an 

improvement of 3.7%. In the quantum approach, training time 

decreased from 228.6 seconds to 100.6 seconds, approximately 

2.3 times faster, and inference time was reduced from 1.2 

seconds to 0.5 seconds. 

When BoW vectors were trained using an LSTM neural 

network, the classical approach achieved 86.4% accuracy, 

while the quantum approach reached 87.0% accuracy, showing an 

improvement of 0.7%. In the quantum approach, training time 

was reduced from 1018.1 seconds to 44.9 seconds, approximately 

22 times faster, and inference time decreased from 6.68 

seconds to 0.15 seconds. 

When TF-IDF vectors were trained using an MLP neural 

network, the classical approach achieved 82.9% accuracy, 

while the quantum approach reached 92.1% accuracy, 

demonstrating an improvement of 11.1%. In the quantum 

approach, training time was reduced from 326 seconds to 1.8 

seconds, approximately 180 times faster, and inference time 

decreased from 10.8 seconds to 0.4 seconds. 
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When Word2Vec vectors were trained using a BiLSTM neural 

network, the classical approach achieved 83.0% accuracy, 

while the quantum approach reached 97.1% accuracy, showing an 

improvement of 17.0%. In the quantum approach, training time 

was reduced from 2286.3 seconds to 12 seconds, approximately 

190 times faster, and inference time decreased from 520 

seconds to 2.5 seconds. 

Based on the results of the experimental study, it can be 

concluded that quantum vectorization methods achieve higher 

accuracy and computational efficiency compared to classical 

methods, even when using identical neural network 

architectures. In particular, the combination of Word2Vec and 

BiLSTM delivered the highest performance among all evaluated 

models. 

Discussion 

The research results demonstrate that both the choice of 

vectorization method and the neural network architecture play 

a decisive role in text classification. Classical 

vectorization methods such as one-hot, BoW, and TF-IDF are 

moderately effective, but they fail to fully capture semantic 

and contextual relationships. 

The Word2Vec vectorization method provides neural 

networks with meaningful input data by preserving semantic 

similarity between words. Training quantum vectors using a 

BiLSTM neural network allowed the analysis of text context in 

both forward and backward directions. This combination of 

Word2Vec and BiLSTM achieved higher performance compared to 

other methods. Moreover, quantum approaches delivered 

significantly better results than classical Word2Vec models. 

This improvement is explained by the ability of quantum 

methods to encode additional information when forming word 

vectors. As a result, classification accuracy increased 

substantially. Additionally, quantum models demonstrated 

positive outcomes in terms of both accuracy and computational 

efficiency, enhancing the applicability of the proposed 

approach for systems handling large-scale textual data. 

The results indicate that training Word2Vec vectors, 

which effectively capture semantic relationships, using a 

BiLSTM neural network is the most efficient approach for text 

classification. This study can serve as a scientific 
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foundation for future research on integrating quantum vectors 

with more complex neural network architectures. The proposed 

methods demonstrate the importance of using deeply connected, 

semantically rich vectorization techniques in text analysis 

and processing, providing a basis for achieving high 

performance when training neural architectures on quantum 

vectors in subsequent studies. 

Conclusion 

In this study, classical and quantum approaches to one-

hot, BoW, TF-IDF, and word2vec vectorization were trained 

using four corresponding neural network architectures, and 

their accuracy and computational efficiency were compared. The 

results demonstrated that quantum approaches outperformed 

classical methods in terms of both accuracy and computational 

speed. 

As a result of the study, the highest accuracy was achieved 

using the quantum Word2Vec vectorization combined with the 

BiLSTM approach, reaching 97.1%, while the classical approach 

achieved 83.0%, indicating a 17.0% relative improvement for 

the quantum method. In terms of computational efficiency, the 

quantum Word2Vec approach showed a dramatic advantage. While 

training time for the classical Word2Vec reached 2286.3 

seconds, it was reduced to just 12 seconds in the quantum 

version, over 190 times faster, and inference time decreased 

from 520 seconds to 2.5 seconds, nearly 200 times faster. Other 

quantum vectorization approaches also outperformed their 

classical counterparts. Specifically, the quantum one-hot with 

CNN model achieved a 3.1% increase in accuracy, and quantum 

BoW with LSTM showed a 0.6% improvement. Although the gain in 

accuracy was modest in some cases, training and inference times 

were reduced by 2 to 20 times, demonstrating a significant 

efficiency improvement. 

Overall, quantum vectorization approaches demonstrate high 

accuracy and low computational time in text data processing. 

This makes them a promising solution for resource-constrained 

environments, real-time NLP systems, and practical 

applications that require handling large-scale datasets. 
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