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Abstract—Quantum Machine Learning (QML) is a field which combines the principles from quantum computing with classical machine learning
to develop algorithms that can outperform classical approaches. Using quantum computing hardware, re- searchers are exploring how
guantum mechanics concepts, like superposition and entanglement, can enhance machine learning techniques. We discuss foundational
guantum computing con- cepts, widely used quantum models, and the current challenges in the field. Additionally, we examine potential
future directions and the impact of quantum computing on industries such as healthcare, finance, and cryptography. While QML is still in its
early stage, research and improvements in quantum hardware may lead to significant breakthroughs in the coming years.

Index Terms—Quantum Computing, Machine Learning Algo- rithm, Superposition, Entanglement, Quantum Machine Learn- ing Algorithms,
Support Vector Machine

1. INTRODUCTION

Machine learning has transformed numerous industries, including healthcare, finance, and artificial intelligence, by
enabling systems to recognize patterns and make data-driven decisions [1], [5]. However, as data volumes grow and com-
putational demands increase, classical computing methods face limitations in processing power, memory, and efficiency.
Quantum computing, a revolutionary field rooted in the prin- ciples of quantum mechanics, offers a promising solution by
leveraging quantum bits (qubits), which, due to superposition, can exist in multiple states simultaneously. This fundamental
property enables quantum computers to perform computations exponentially faster than classical computers for certain tasks.
Quantum Machine Learning (QML) merges quantum com- puting with machine learning techniques to significantly en- hance
computational efficiency and problem-solving capabil- ities [13]. Unlike traditional machine learning, which relies on classical
hardware, QML utilizes quantum principles such as entanglement and superposition to process vast amounts of data more
efficiently [5]. These quantum properties enable par- allel computations, potentially leading to exponential speedups for complex
tasks such as optimization, pattern recognition,

and data clustering [2].

Several quantum-based machine learning models have been proposed to improve classification, regression, and clustering
problems. For instance, Quantum Support Vector Machines (QSVM) utilize quantum kernels to enhance classification tasks ,
while Quantum Principal Component Analysis (QPCA) is used for dimensionality reduction in high-dimensional datasets. Other
models, such as Variational Quantum Circuits (VQC) and Quantum Boltzmann Machines (QBM), offer potential
improvements in deep learning and probabilistic modeling [11].

Despite the promising advantages of QML, the field is still in its early stages due to hardware limitations and practical

implementation challenges [13]. Quantum computers currently operate in the Noisy Intermediate-Scale Quantum (NISQ) era,

characterized by limited qubit coherence times and sus- ceptibility to noise [10]. Moreover, encoding classical data into

quantum systems and managing quantum error correction remain significant challenges. Researchers are continuously working

on developing better qubit stability, error correc- tion mechanisms, and hybrid quantum-classical approaches to make QML

more practical and scalable for real-world applications [5].

Evaluate Gradients &
Update Parameters

_______ . [ ——

( il ; \| -

' &
o Evg\uate
1 | Function
r | {1‘ ]

AbAbAEAY)

Evaluate
Quantum
Model

Pr
Quantu

Fig. 1. Simple Quantum Machine Learning Algorithm

This review paper provides a detailed overview of QML, discussing its fundamental concepts, key algorithms, real- world
applications, and the future direction of this rapidly evolving field. By analyzing recent advancements and ongoing research
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efforts [6], we explore how QML is expected to shape the future of computational science, artificial intelligence, and
optimization problems. Additionally, we address the current limitations and challenges that must be overcome for QML to
become a widely adopted technology in various industries [15].

1I. RELATED WORK

The Related Work section surveys prior research in Quan- tum Computing, Machine Learning, and their intersection in
Quantum Machine Learning (QML), highlighting the evolution of QML and the methodologies explored.

A. Early Research in Quantum Computing
Quantum computing was first theorized in the 1980s by Richard Feynman (1982) and David Deutsch (1985), who

proposed that quantum systems could simulate physical phe- nomena more efficiently than classical computers [1].
Shor’s Algorithm (1994) demonstrated that quantum com-

The classical Support Vector Machine (SVM) solves the optimization problem:puters could factor large numbers exponentially
faster than classical computers, posing a potential threat to classical

;f'fl//wllz .

+C

=1

max(0, 1 —yi(w - xi+ b)) (1)

encryption methods such as RSA encryption [13].

Grover’s Algorithm (1996) provided a quadratic speedup for searching unsorted databases, a critical improvement for tasks like
database querying and optimization [5].

B.  Quantum Algorithms in Machine Learning

Several key quantum algorithms have been explored for machine learning tasks, such as Quantum Support Vector Machines
(QSVM) , Variational Quantum Circuits (VQC), and Quantum Principal Component Analysis (QPCA) [6]. These quantum methods
aim to leverage quantum properties such as superposition and entanglement to improve classification, fea- ture extraction, and
optimization, offering potential advantages in computational efficiency and scalability [2].

C. Hybrid Quantum-Classical Models

Given that current quantum computers operate in the NISQ era, hybrid quantum-classical models combining classical deep
learning with quantum computing have been explored to over- come hardware limitations [10]. These include Quantum Neu- ral
Networks (QNNs) and Quantum Reinforcement Learning (QRL), which integrate quantum circuits with classical neural networks
and reinforcement learning techniques to enhance the capabilities of both domains [15].

III. METHODS USED IN QUANTUM MACHINE LEARNING

Several key QML approaches are discussed below:

- Quantum Support Vector Machine (QSVM): QSVM utilizes quantum kernel methods to improve classification tasks.
Instead of computing feature mappings explicitly, QSVM leverages quantum entanglement and superpo- sition to compute the
inner product of feature vectors efficiently .

In classical SVM, data points are mapped into a higher- dimensional space using a function called a kernel func- tion. This
transformation allows the SVM to find a hyperplane that best separates different categories of data. However, for complex
datasets, computing these transformations requires significant computational power, making it difficult for classical computers to
handle large- scale problems efficiently [5].

QSVM solves this challenge by replacing the traditional kernel function with a quantum kernel function, which computes the
inner product between quantum-encoded data points using quantum operations, thus eliminating the need for explicit feature
transformations. The quan- tum feature map encodes the data into quantum states, and the inner product of these quantum
states shows the similarity between the data points.Quantum kernel methods replace the classical kernel function K(x; x;)
with a quantum-enhanced kernel:
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Kalxi, xj) = [ (@(xi)| p(x;))]? (2)

where ¢(x) represents the quantum feature map applied to classical data.

Applications: Pattern Recognition, Financial Risk Anal- ysis, Medical Diagnosis [17].

Accuracy and Performance: QSVM has demonstrated superior performance in high-dimensional datasets. How- ever, practical
implementations are limited by quantum hardware constraints [5].
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Fig. 2. Model of Quantum Support Vector Machine showing its Accuracy

- Quantum Principal Component Analysis (QPCA): This algorithm is a quantum adaptation of classical Prin- cipal
Component Analysis (PCA) that allows for faster feature extraction and dimensionality reduction using quantum matrix
inversion and eigenvalue estimation. Classical PCA involves solving many eigenvalue-related problems:

v = Av (3)

where I stands for the covariance matrix, and v are eigenvectors. Quantum PCA constructs a quantum density matrix
representation:

p= pilvi)i (4)

i

Using quantum phase estimation, eigenvalues p; are ex- tracted, offering exponential speedup [6].

Applications: Image Compression, Feature Selection, High-Dimensional Data Analysis [17].

Accuracy and Performance: Theoretical models suggest speedup compared to classical PCA. However, quantum noise remains a
challenge [5].

- Variational Quantum Circuits (VQC): VQC lever- ages parameterized quantum learning circuits optimized through
classical techniques. It functions as a quantum neural network with iterative parameter updates based on a cost function [11].
VQC optimizes a parameterized quantum circuit using a cost function:

Q)= lyi— (Yi(8) M [Pi9))]? (5)

1

where [i(3))is a quantum state encoded with trainable parameters §.

Applications: Quantum Neural Networks, Quantum Gen- erative Models, Chemistry Simulations [10].

Accuracy and Performance: VQCs show promising accuracy in hybrid QML models, especially for feature extraction in quantum
medical imaging [17].

- Hybrid Quantum-Classical Neural Networks (HQCNN): A hybrid model that combines classical deep learning layers with
quantum layers for efficient feature transformations [15].

Applications: Medical Image Analysis, Speech Recogni- tion, Financial Forecasting.

Accuracy and Performance: HQCNN matches classical CNN accuracy while reducing computation costs.

- Quantum Boltzmann Machines (QBM): QBM is the analog of Boltzmann Machines used in deep learning. It leverages
quantum tunneling for efficient weight space exploration [5].

Applications: Quantum-enhanced Deep Learning, Drug Discovery, Energy-Based Modeling.

Accuracy and Performance: Demonstrates efficiency in training generative models but limited by quantum annealing
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technologies [13].

- Quantum Approximate Optimization Algorithm (QAOA): It is a hybrid quantum-classical optimization algorithm that finds
approximate solutions for combina- torial problems using quantum parallelism [10]. QAOA prepares parameterized quantum
states:

[d(y, 8)) = et et [s) (6)

where Hc encodes constraints and Hwv represents mixing terms.

Applications: Portfolio Optimization, Supply Chain Management, Al Planning Problems.

Accuracy and Performance: Outperforms classical op- timization techniques in certain structured problems [6].

IV. COMPARATIVE ANALYSIS OF QUANTUM AND
CLASSICAL MACHINE LEARNING MODELS

In this section, we provide a structured comparison of quan- tum and classical machine learning (ML) models, focusing on key
aspects such as computational complexity, efficiency, and scalability. We also discuss recent advancements in quantum machine
learning (QML) post-2022, highlighting research gaps that remain in the field.

A. Research Gaps and Advancements Post-2022

Recent developments in QML have seen promising advance- ments, especially in hybrid quantum-classical models and new
guantum algorithms tailored for machine learning tasks. No- table research efforts focus on improving quantum hardware and
algorithms that address specific tasks like optimization, classification, and feature selection. However, significant chal- lenges
remain in terms of quantum noise, error correction, and practical implementation on real quantum hardware. For instance,
quantum noise, which arises from environmental interference, leads to inaccuracies in quantum computations, and error
correction techniques are still in early stages. These challenges hinder the scalability and practical application of QML models
on large datasets.

A comprehensive comparison of quantum and classical models helps identify areas where quantum techniques have the
potential to outperform classical ones, such as in high- dimensional data processing, and where they still lag behind, especially
in terms of scalability and hardware limitations.

B. Comparison Table: Quantum vs. Classical ML Models

The following table summarizes key differences between quantum and classical machine learning models in terms of
computational complexity, efficiency, and scalability. While quantum models have the potential for exponential speedup in
certain tasks, classical models currently excel in handling large datasets due to their maturity and scalability.

Feature Quantum ML Models Classical ML Models
Complexity Potential exponential speedup Polynomial time complexity
Efficiency High for small-scale problems Efficient for large datasets
Scalability Limited by current hardware Scalable with large datasets
Hybrid Models Early-stage integration Mature and widely used

TABLE |

COMPARISON OF QUANTUM AND CLASSICAL MACHINE LEARNING

MODELS

C. Discussion on Advancements and Challenges

Post-2022, there has been a surge in hybrid quantum- classical models that attempt to combine the strengths of both
quantum and classical systems. For example, variational quantum algorithms (VQAs) leverage classical optimization techniques
in conjunction with quantum circuits to optimize quantum machine learning models. These hybrid approaches are seen as a
promising avenue to address practical limitations of quantum hardware, such as noise and limited qubit counts, by utilizing
classical resources for optimization while allowing quantum systems to handle data processing at a higher level of complexity.
Despite these advancements, challenges like quantum noise, error correction, and the scalability of quantum hardware remain
major roadblocks. Quantum noise, stemming from interference in quantum systems, can introduce errors that limit the accuracy
of QML models. Furthermore, achieving a true quantum advantage—where quantum models outperform clas- sical
counterparts in machine learning tasks—is still an open research question. More work is needed to understand how

to leverage the strengths of quantum computing effectively in practical applications, while minimizing its current limitations.

D. Future Research Directions

Several key research directions can further advance QML:
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- Quantum Error Correction: Developing more efficient and fault-tolerant quantum error correction techniques will be
crucial for scaling QML algorithms. These tech- niques aim to reduce the impact of noise and errors that affect quantum
computations, enabling more reliable execution on quantum hardware.

- Hybrid Quantum-Classical Models: Optimizing the integration between classical and quantum components could unlock
the full potential of QML in practical scenarios. A seamless combination of classical models for data preprocessing and quantum
models for complex computations could bridge the gap between classical computational efficiency and quantum power.

- Data Encoding Techniques: Improving data encoding methods to efficiently represent classical data in quantum systems
will be essential for tackling large-scale machine learning problems. Efficient data encoding allows quan- tum algorithms to
process larger datasets by representing classical data in a form that quantum systems can manip- ulate effectively.

- Benchmarking on Real Hardware: Conducting more performance evaluations using quantum simulators or ac- tual
quantum hardware (e.g., IBM Q, Google Sycamore) will provide valuable insights into the real-world viability of QML models.
Benchmarking on actual hardware helps assess the performance and feasibility of quantum models under real-world conditions,
paving the way for future implementations.

V. COMPARISON OF QML METHODS

Table Il summarizes key characteristics of different QML approaches.

TABLE Il
COMPARISON OF QUANTUM MACHINE LEARNING METHODS

Method Computational Advantage Use Case

QSVM Speedup in classification Pattern recognition

QPCA Feature extraction improvement Data compression

vQC Hybrid optimization Variational methods

HQCNN Deep learning enhancement Image processing

QBM Probabilistic modeling Generative modeling
VL CHALLENGES AND PROPOSED |IMPROVEMENTS

Despite promising potential, QML faces several challenges. Below are the challenges followed by their respective proposed
improvements:
- Hardware Limitations: Quantum machines are cur- rently in the state of Noisy-Intermediate-Scale Quantum (NISQ),

which means they are still in the working stage. They are not yet fully error-corrected and lack sufficient qubits for large-
scale datasets and quantum

- TABLE Il
COMPARISON OF ACCURACY BETWEEN CLASSICAL AND QUANTUM
ALGORITHMS
Algorithm Classical Accuracy Quantum Accuracy
Support Vector Machine (SVM) 92.5 94.8
Principal Component Analysis (PCA) 89.0 91.7
Neural Networks (NN) 95.0 96.3
Hybrid Quantum-Classical CNN 94.5 97.2
Boltzmann Machines 87.8 90.6
Quantum (QAOA) 88.3 91.2

machine computing. The current quantum hardware has limitations in terms of qubit count, qubit quality (such as coherence
time), and the noise inherent in quantum gates, which makes it difficult to implement large-scale QML algorithms effectively
[6].

Proposed Improvement: Researchers are focusing on improving qubit coherence times, reducing gate errors, and increasing
the number of qubits. Quantum error correction techniques are also under development to make quantum computers more
reliable, enabling the execution of large-scale QML algorithms [17].

- Data Encoding Overhead: Quantum computing requires data to be encoded into quantum machine states, and this
encoding process is computationally expensive and resource-intensive. It can be a bottleneck when applying QML to large
datasets [5].

Proposed Improvement: New encoding techniques, such as quantum feature maps and variational encodings, are being
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explored to reduce the computational overhead of data encoding. These improvements aim to handle large datasets efficiently
and improve the overall performance of quantum learning algorithms.

- Quantum Decoherence: Quantum states are highly sen- sitive to environmental factors, leading to decoherence, where the
information is lost. This can make quantum states unstable and reduce the reliability of quantum computations, particularly
during training and inference in QML models [13].

Proposed Improvement: Quantum error correction codes (QECC) are being developed to mitigate decoher- ence and other
errors. Additionally, researchers are work- ing on shielding quantum computers from environmental noise and enhancing fault-
tolerant quantum computing architectures to improve stability.

Hybrid Model Optimization: Hybrid quantum-classical models, which combine quantum and classical comput- ing resources,
face challenges in terms of optimization. Effective interaction between the quantum and classical components is needed to
optimize the performance of QML algorithms [15].

Proposed Improvement: Hybrid quantum-classical al- gorithms like Variational Quantum Algorithms (VQAs) are being
developed to optimize the use of both quantum and classical resources. More efficient optimization tech- niques, as well as
better integration between quantum and

classical systems, are key areas of research to improve the practicality of hybrid models [6].

VIL CHALLENGES IN DEPLOYING QUANTUM MACHINE LEARNING

The deployment of Quantum Machine Learning (QML) faces several practical challenges that need to be addressed to unlock
its full potential. These challenges are related to both the limitations of current quantum hardware and the complexity of
integrating quantum algorithms with classical systems.

A. Quantum Hardware Limitations

Quantum computers today are in the Noisy Intermediate- Scale Quantum (NISQ) era, meaning that they possess a lim- ited
number of qubits and are susceptible to quantum noise and errors. These factors severely affect the accuracy and reliability of
guantum computations, making it difficult to scale QML models for real-world applications. The current lack of error correction
techniques capable of efficiently handling these issues adds another layer of complexity to the deployment of quantum
algorithms.

B. Integration with Classical Systems

While quantum models show promise in solving certain computational problems more efficiently than classical models, their
integration with classical systems poses a significant challenge. Hybrid quantum-classical models, which combine the strengths
of both classical and quantum computing, require efficient algorithms to handle data transfer, error correction, and optimization
processes between the quantum and classical components. The communication between the quantum pro- cessor and the
classical system remains a bottleneck in hybrid systems.

C. Scalability and Resource Requirements

Even though quantum algorithms theoretically promise sig- nificant speedups over classical ones, the scalability of QML is
hindered by the current state of quantum hardware. Large- scale quantum circuits require a huge number of qubits, and the cost
of quantum computation remains high. For QML to be practically deployed, advancements in quantum hardware, such as the
development of larger, more stable qubits, and cost-efficient quantum processors, are crucial.

D. Industry-Specific Applications

Quantum machine learning has the potential to revolutionize several industries, such as pharmaceuticals, finance, logistics, and
cybersecurity. However, deploying QML in these in- dustries requires overcoming domain-specific challenges. For example, in
pharmaceuticals, QML could potentially be used for drug discovery, but this would require quantum simula- tions of molecular
interactions that are accurate and scalable. In finance, quantum algorithms could improve optimization problems, but the
volatility and unpredictability of quantum computations make them difficult to trust for critical decisions.FIGURES AND TABLES

In this section, we present various images related to Quan- tum Learning and Classical Machine Learning algorithms. The
figures provide insights into Quantum Machine Learning (QML) models and their comparison with classical systems, including
the Quantum Support Vector Machine (QSVM).

The first image shows the comparison between Quantum Machine Learning and Classical System Models.
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Fig. 3. Accuracy trends over training epochs for Model 1 and Model 2.
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Fig. 4. Quantum-Classical System Modules.

VIII. CONCLUSION

Quantum Machine Learning (QML) represents a promising frontier at the intersection of quantum computing and machine
learning. Its potential to revolutionize fields such as opti- mization, pattern recognition, and data analysis is immense. However,
despite its theoretical power, QML still faces several significant challenges that must be overcome before it can achieve

widespread practical application [6].

One of the most pressing obstacles is the hardware lim- itations of quantum computers, particularly in the Noisy
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Fig. 5. Quantum vs. Classical Comparison.
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Intermediate-Scale Quantum (NISQ) era. Current quantum devices are constrained by a small number of qubits, short coherence
times, and high noise levels, making it difficult to scale QML models for large-scale, fault-tolerant quantum computations [5].
To overcome these challenges, advances in quantum hardware, such as improved error correction methods, better qubit
coherence, and larger qubit counts, will be essen- tial. As quantum hardware continues to evolve, it will enable the development
of powerful and efficient QML algorithms.

Another major bottleneck is data encoding. Transforming classical data into quantum states remains expensive and resource-
intensive [17]. However, emerging techniques like quantum feature maps and variational encoding hold promise in improving
data encoding efficiency [6]. These innovations will enable better handling of complex datasets and enhance the scalability of
QML algorithms, making them more practi- cal for real-world applications [15].

The optimization of hybrid quantum-classical models also presents a unique challenge. These models require effective
integration between quantum and classical systems, which can be difficult due to the need to balance the strengths and
weaknesses of both approaches [10]. However, recent advance- ments in quantum-classical algorithms are making progress.
These algorithms allow quantum computers to handle specific tasks that offer quantum advantages while leveraging classical
systems for the remainder of the computation. Continued research and optimization of hybrid models will be crucial for
making QML more accessible and efficient [13].

In conclusion, while Quantum Machine Learning holds great promise, the field is still in its infancy. Overcoming the
challenges related to quantum hardware, data encoding, decoherence, and hybrid model optimization will require continued
research and collaboration across disciplines. The potential benefits of QML—such as solving complex problems faster and more
efficiently than classical methods—make it an exciting area of study. As quantum computing technology advances and the
theoretical and practical foundations of QML continue to evolve, QML is poised to become a powerful tool for addressing
some of the most pressing challenges in science, engineering, and beyond. The future of QML is bright, and ongoing research in
this field will undoubtedly lead to groundbreaking discoveries and innovations in the years to

Fig. 6. Number of papers published on Quantum Computing.

Papers published by Quantum

250 4

200

150

Number of papers

100

50

come.

2017 2018 2019 2020 2021 2022
REFERENCES

[1]  Weiwen Jiang,” When Machine Learning Meets Quantum Computers: A Case Study”, wjiang2@nd.edu.

[2] Maha A. Metawei,” Survey on Hybrid Classical-Quantum Machine Learning Models”, Computers and Systems Eng. Department.

[3] Nadine Matondo-Mvula,” Advances in Quantum Medical Image Anal- ysis Using Machine Learning: Current Status and Future Directions”
nmatondo@my.bridgeport.edu.

4] Ria Khatoniar,” Quantum Convolutional Neural Network for Medical Image Classification: A Hybrid Model”.

51  V.K.R. Rajeswari Satuluri,” Quantum-Enhanced Machine Learning”.

6]  Shaolun Ruan, Zhiding Liang, and Qiang Guan,” VIO LET: Visual Analytics for Explainable Quantum Neural Networks”.

7]  Giacomo Cappiello,” Quantum Al for Alzheimer’'s Disease Early Screening”.

Kuan-Cheng Chen,” CompressedMediQ: Hybrid Quantum Machine Learning Pipeline for High-Dimensional Neuroimaging Data”.

Prasanna Date, Dong Jun Woun, Kathleen Hamilton,” Adiabatic Quan- tum Support Vector Machines”.

Jollanda Shara,” Some Notes on Quantum Machine Learning”.

Arsenii Senokosov,” Quantum Machine Learning for Image Classifica- tion”.

Sandeep Kumar Sood,” Quantum Computing Review: A Decade of Research”.

Muhammad Ali Shafique,” Quantum Computing: Circuits, Algorithms, and Applications”.

Nadine Matondo-Mvula,” Advances in Quantum Medical Image Anal- ysis Using Machine Learning: Current Status and Future Directions”.

Fariska Zakhralativa,” Quantum-Enhanced Support Vector Machine for Sentiment Classification”.

Chen Ding,” Quantum-Inspired Support Vector Machine”.

Michele Grossi,” Mixed Quantum—Classical Method for Fraud Detection with Quantum Feature Selection”.

[ e S St e R ]

185


mailto:wjiang2@nd.edu
mailto:nmatondo@my.bridgeport.edu

Journal of Harbin Engineering University Vol 46 No. 7
ISSN: 1006-7043 July 2025

[18] Haibo Wang,” Integrating Machine Learning Algorithms with Quantum Annealing Solvers for Online Fraud Detection”.

186



