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Section “Technics”

Abstract. Two of the most disruptive technologies of the 21st century
are quantum computing and artificial intelligence. Their intersection has
led to the emergence of a new discipline referred to as Quantum Ma-
chine Learning (QML), which aims to enhance the capabilities of classi-
cal machine learning by leveraging the computational advantages of
quantum devices. This paper provides a survey of the most advanced
Quantum Machine Learning (QML) algorithms, including Quantum Sup-
port Vector Machines (QSVMs), Quantum k-nearest Neighbours (QkNN),
Quantum Principal Component Analysis (QPCA), Quantum Neural Net-
works (QNNs), and Quantum Reinforcement Learning (QRL). The theo-
retical and practical status, as well as the empirical performance, of
these algorithms, were summarised using a structured review method.
The findings reveal a potential for speed-ups in classification, clustering,
and optimisation among a range of applications, particularly for perfect
quantum systems. However, hardware constraints, software irregulari-
ties, and training issues, such as barren plateaus, have limited the prac-
tical utility of this approach. Applications of QML in areas such as dis-
aster preparedness and management, environmental sustainability, ur-
ban planning methodology, drug discovery, NLP, and finance demon-
strate both the potential and current limitations of QML, with most ap-
plications still at the proof-of-concept level. In this review, we conclude
that QML could be revolutionary, but its feasibility ultimately relies on
improvements in physical hardware, the robustness of algorithms, and
the standardisation of benchmarks.

Keywords: Artificial Intelligence, Machine Learning, Quantum

Algorithms, Quantum Computing, Quantum Machine Learning

7001


https://www.utah.edu/
https://oregonstate.edu/
https://www.utoledo.edu/
https://cktutas.edu.gh/
https://www.siue.edu/
https://www.virginia.edu/
https://fuoye.edu.ng/
https://www.uniben.edu/
http://dx.doi.org/10.22178/pos.117-25
mailto:ugochukwu.udonna.okonkwo@gmail.com
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/

Path of Science. 2025. Vol. 11. No 5

ISSN 2413-9009

INTRODUCTION

Artificial intelligence (AI) has become one of the
most transformative technologies of the 21st
century, essentially opening up new possibilities
for machines to accomplish tasks that would
previously require human intelligence. From
speech recognition to self-driving cars and
healthcare diagnosis, Al has a broad range of ap-
plications. At the heart of Al is the ability to use
machine learning (ML) to recognise patterns in
data, make predictions, and improve over time.
However, with the explosive accumulation of da-
ta and increasing complexity, the use of classical
ML models often presents high computational
loads, necessitating the need for potent computa-
tional resources and extended training times [1].

With the progress made in Al, Quantum Compu-
ting (QC) is emerging as a new paradigm for in-
formation processing. Rather than the binary bits
(Os and 1s) used in classical computers, quantum
computers work with quantum bits (qubits) that
leverage superposition and entanglement. Such a
quantum nature allows for exponentially larger
computational power, therefore leading to the
possibility of solving significantly more problems
than can be done on a classical computer [2].

This convergence of Al and QC has sparked a new
field of research known as Quantum Machine
Learning (QML). QML aims to enhance the per-
formance of machine learning (ML) algorithms
by leveraging the principles of quantum mechan-
ics. The rationale behind this merge is to address
some limitations of classical ML models, namely,
speed, scalability, and management of high-
dimensional data. Quantum-enhanced NISQ algo-
rithms have demonstrated the potential to re-
duce computational overhead, optimise models
more effectively, and even find previously un-
known solutions for known problems [3].

Quantum Machine Learning (QML) is gaining en-
thusiastic attention with the evolution of both
quantum hardware and quantum software eco-
systems. Academia and industry are both invest-
ing in quantum research, and IBM, Google, and
D-Wave are among the companies that have de-
veloped quantum systems open for QML explora-
tion. However, despite this recent surge, we are
still in the early days, with a coherent picture of
what algorithms exist and what they can and
cannot do only beginning to emerge.

Section “Technics”

The objective of this review is to provide an un-
derstanding of Quantum Machine Learning algo-
rithms, including their theoretical background,
computational benefits, and applicability. We aim
to:

1) Describe prominent quantum ML algorithms
such as Q-SVM, QNN, and Qk-NN.

2) Provide some insight on the latest develop-
ments, deployed tools, and experimental out-
comes.

3) Assess practical problems and future research
directions in QML.

In this work, we aim to guide researchers, practi-
tioners, and students to state-of-the-art quantum
computing for artificial intelligence by surveying
the current state of the field and presenting re-
cent advances in the field.

Literature Review

Evolution of Quantum Computing in Al. The inter-
section of artificial intelligence and quantum
computing is not new, dating back to a few dec-
ades on a purely theoretical basis. One of the ear-
liest and most influential ideas was that of quan-
tum information theory, developed by au-
thors [4], which laid the groundwork for apply-
ing quantum concepts to encode and transmit
data [5]. Shor's algorithm and Grover's algorithm
revealed the potential for quantum computers to
provide a computational advantage over classical
computers in specific problems, prompting re-
searchers to investigate quantum-enhanced Al
models [6].

At the turn of the millennium, scientists began
exploring the potential of quantum systems to
assist with machine learning tasks, such as opti-
misation and pattern recognition [3]; this gave
rise to the notion of Quantum Machine Learning
(QML), in which a quantum system is treated as a
data processor. Noisy Intermediate-Scale Quan-
tum (NISQ) devices, such as those available from
companies like IBM, Google, and Rigetti, have
made applied experimentation with Quantum
Machine Learning (QML) algorithms feasible in
the 2010s. This shift marked the transition from
theoretical promise to empirical exploration [7].

To provide a context for considering the emer-
gence of QML, it is necessary to reflect on the his-
tory of the common tradition of quantum compu-
ting and Al. From the (very) early days of quan-
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tum information theory to recent developments
in NISQ and hybrid algorithms, the evolution of
this field epitomises the passage from theoretical
potentiality to empirical practice. These critical
moments of progress are summarised in Fig-
ure 1.

Early

] Emergence
Quantum Shor's and Current
Information Grover's oneyilcse(g Trends
Theory Algorithms
1990s Categorization
Conceptual Early by Blamonte
Development 2000s etal
of QML 2010s 2017

Figure 1 - Evolution of Quantum Computing
in Artificial Intelligence

This timeline illustrates key milestones in the
evolution of quantum computing and its integra-
tion with artificial intelligence, highlighting theo-
retical foundations, algorithmic breakthroughs,
and the emergence of practical quantum plat-
forms. Notably, authors [8] categorised QML re-
search into four areas: quantum data with quan-
tum algorithms, classical data with quantum al-
gorithms, quantum data with classical algo-
rithms, and hybrid systems. This classification
remains a cornerstone for understanding how
and where quantum computing enhances ma-
chine learning capabilities.

Review of Classical ML Limitations. Conventional
machine learning (ML) models and deep learning
(DL) models are typically computationally ex-
pensive. For example, training models (e.g., those
handling high-dimensional, unstructured data)
incur a high cost. Optimisation of millions of pa-
rameters, as in training neural networks, for ex-
ample, can be time-consuming and costly in
terms of energy. SVMs, such as the one in [9],
have proven to be effective methods in the con-
text of case-based reasoning; however, they scale
poorly with the size of the dataset, as the com-
plexity of such algorithms can be polynomial or
exponential in the worst-case [10, 11].

Furthermore, classical ML cannot handle prob-
lems with vast search spaces (e.g., combinatorial
optimisation) and may get stuck in local minima.
Quantum approaches to optimise and transform
data, exploiting quantum parallelism and entan-
glement, have been investigated [12].

Section “Technics”

Quantum mechanics offers a significant ad-
vantage in processing complex probability distri-
butions and high-dimensional vector spaces over
classical computers. Quantum Principal Compo-
nent Analysis (QPCA) utilises quantum parallel-
ism to compute principal components exponen-
tially faster than classical PCA in the worst
case [13]. These benefits place QML as a remedy
against some of the most glaring bottlenecks of
classical ML.

Existing Surveys and Gaps. Several review papers
and surveys have attempted to survey the QML
landscape. For example, authors [14] investigat-
ed the fundamental mechanics of quantum-
enhanced learners, with a particular focus on the
reinforcement model for agents operating in a
quantum environment. Authors [15] provided a
practical introduction to QML algorithms, includ-
ing learning with quantum data encoding and
quantum circuit design, for novices. More recent
works, such as authors [4], have explored varia-
tional quantum classifiers and hybrid models
that utilise classical optimisers in conjunction
with quantum feature maps.

Although such reviews were valuable in defining
the research program, they are either theoretical
or application-oriented. However, there is a lack
of systematic studies on full-round comparison
models of various QML algorithms and evalua-
tions regarding their computational complexity
and significance to human-centred practical Al
processes. Moreover, existing reviews focus little
to no attention on hardware-software integration
challenges, especially as they relate to hybrid
quantum-classical devices, which are becoming
increasingly important in the context of NISQ-era
devices.

Another under-investigated area is benchmark-
ing QML algorithms on realistic datasets, as most
of their performance claims are based on syn-
thetic datasets. The scaling and robustness of
QML models to noise and uncertainty have not
yet been compared with state-of-the-art classical
approaches in a longitudinal study.

To overcome these shortcomings, the objective of
this review is to connect theoretical advances
and practical applications of QML by conducting
a comparative review of QML algorithms in
terms of their theoretical promise and empirical
performance. It highlights future research direc-
tions, in particular in benchmarking, quantum
data preparation, and algorithmic robustness.
METHOD
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Review Methodology. This review follows a struc-
tured narrative methodology aimed at synthesis-
ing the current landscape of Quantum Machine
Learning (QML) algorithms. The objective is not
only to summarise key quantum learning models
but also to critically assess their theoretical un-
derpinnings, computational potential, and empir-
ical performance. To ensure comprehensive cov-
erage, the researchers adopted a multi-step liter-
ature selection and analysis process. They identi-
fied relevant scholarly sources using academic
databases, including IEEE Xplore, SpringerLink,
ScienceDirect, arXiv, and Google Scholar. The
primary keywords used were Quantum Machine
Learning, Quantum Algorithms in Al, Quantum
Neural Networks, Quantum Support Vector Ma-
chines (SVM), and Variational Quantum Circuits.
The researchers limited the search to publica-
tions from 2014 to 2024, a period that captures
the emergence of practical quantum computing
platforms and experimental quantum machine
learning (QML) implementations.

Inclusion criteria for selected articles included:

1) Peer-reviewed journal articles or well-cited
preprints.

2) Explicit focus on machine learning techniques
applied or adapted to quantum computation.

3) Clear description of algorithmic methodology,
performance claims, or real-world applications.

4) Contributions to hardware-software integra-
tion or performance benchmarking.

Articles were excluded if they lacked technical
detail, were purely conceptual without an im-
plementation context, or focused solely on quan-
tum physics without links to Al or machine learn-
ing (ML). After the initial filtering, approximately
60 papers were shortlisted and analysed. Each
algorithm discussed in this review is examined
across three core criteria: algorithmic structure,
computational complexity, and implementation
feasibility on current quantum systems.

Mathematical Foundations. The linear algebra of
Quantum states and the manipulation of proba-
bility amplitudes in high-dimensional Hilbert
spaces form the foundation of Quantum Machine
Learning (QML) algorithms. For consistency and
ease of understanding, the Dirac formalism (|{s)),
quantum gates (such as the Hadamard and Pauli-
X gates), and unitary operators (U) are employed
throughout this review. When appropriate, clas-
sical mathematical counterparts - such as inner

Section “Technics”

products, eigenvalue decompositions, and kernel
functions - are provided in tandem with their
quantum analogues for the sake of compari-
son [16].

For example, the Quantum Support Vector Ma-
chine (QSVM) makes use of the quantum kernel
trick, where a pair of classical inner products is
replaced by calculating quantum kernels using
the fidelity between quantum states:

K(xi, xj)=1{d(xi) d(xj)I*

Similarly, Quantum Principal Component Analy-
sis (QPCA) leverages the representation of data
as density matrices. It utilises quantum phase
estimation algorithms to approximate eigenval-
ues with exponential speed-ups under idealised
quantum conditions:

p=iyAilvi)(vil

The review also explores hybrid quantum-
classical variational algorithms, where classical
routines such as gradient descent optimise pa-
rameterised quantum circuits (PQCs). Research-
ers have made such hybrid models particularly
relevant in the NISQ (Noisy Intermediate-Scale
Quantum) era by training quantum circuits on
noisy devices using classical optimisation loops.

Purely mathematical formulations are extracted
from the literature during the analysis, as we do
not wish to make any initial assumptions about
them, seeking clarity, reproducibility, and com-
pliance with standard quantum computing for-
malism.

RESULTS AND DISCUSSION

Overview of Key Quantum Machine Learning Algo-
rithms. Comparing the most essential features of
different Quantum Machine Learning (QML) al-
gorithms can provide a clearer understanding of
these algorithms. In Figure 2, we present the
main QML models, considering their task do-
mains, introductory quantum mechanics, theo-
retical speed-up prospects, and implementation
maturity levels. This "side-by-side" perspective
reinforces the flexibility and applicability of QML
approaches while also pointing out the realisa-
tion gap. Quantum Machine Learning (QML) al-
gorithms are generally grouped according to the
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type of learning paradigm that they tackle, name-
ly supervised, unsupervised, and quantum rein-
forcement learning. Several promising algo-
rithms have been developed, aiming to leverage
quantum features (such as superposition and en-
tanglement) to achieve faster learning and im-
proved scalability [17, 18].

Overview of Key Quantum Machine
Learning Algorithms

Quantum
Neural
Network
(QRL)

Quantum
Reinforcem-
Leaming
(QRL)

Support Vector Analysis (QPCA)
Machine

Quantum [ Quantum Principal Component
(QSVM)

[ Supervised ] [Supervised]
[ I

Quantum

Polynomial
Kernel Estimal-
timation

Polynomial

Task Key Quantum
Principle used

Metric ‘

) )
e [ o
) )

[ Polynomial

Quantum (r ial] (R
) =
(

Polynumlal

Speed-Up Implementation
Potential Status

Figure 2 - Comparative Overview of Key Quantum
Machine Learning Algorithms

This flowchart presents a comparative overview
of prominent Quantum Machine Learning (QML)
algorithms, detailing their learning paradigms,
key quantum principles, potential computational
speed-ups, and current implementation status.
The diagram emphasises the diverse approaches
and challenges associated with each algorithm in
the context of Al tasks.

Quantum Support Vector Machines (QSVM). Re-
searchers know that QSVMs rely on quantum-
enhanced kernel methods to perform classifica-
tion. Quantum kernel estimation offers a signifi-
cant advantage by utilising a fidelity-based simi-
larity measure between two quantum states; this
approach enables researchers to potentially
achieve exponential speed-ups in high-
dimensional feature spaces [19]. Implemented a
hybrid QSVM on a physical quantum computer,
where data were encoded into quantum circuits
via a feature map and classified with little differ-
ence in performance compared to classical mod-
els.

Quantum k-Nearest Neighbors (QKNN). The QkNN
procedure for distance computation. The QKkNN
algorithm computes distances between quantum
states using inner products between qubit code
vectors. We use quantum state fidelity instead of
Euclidean distance. Machine learning algorithms,
such as those developed by Wiebe and others,
demonstrate substantial computational ad-

Section “Technics”

vantages, particularly in terms of memory ac-
cesses from quantum random-access memory
(qRAM). However, qRAM technology is currently
essentially a theoretical concept [20].

Quantum Principal Component Analysis (QPCA).
QPCA is designed to extract the most significant
eigenvectors from a density matrix representa-
tion of quantum data. Introduced by authors
[21], the method utilises quantum phase estima-
tion to retrieve principal components exponen-
tially faster than classical principal component
analysis (PCA) under certain constraints. Alt-
hough promising, current QPCA implementations
are limited by decoherence and require precise
control of quantum systems [22].

Quantum neural networks (QNNS). QNNs aim to
replicate the layered structure of classical neural
networks using quantum gates and circuits. They
typically involve parametrised quantum circuits
(PQCs) that are optimised via classical gradient
descent. Notable architectures include the Quan-
tum Perceptron and Variational Quantum Classi-
fiers (VQCs), which have demonstrated feasibility
for small-scale classification tasks on IBM Q and
other platforms [15]. However, training is sensi-
tive to vanishing gradients - a problem known as
the barren plateau effect — which limits scalabil-
ity.

Quantum Reinforcement Learning (QRL). Quan-
tum reinforcement learning explores the use of
quantum systems as decision-making agents. Au-
thor [23] proposed quantum agents that can out-
perform classical strategies in Markov decision
processes through entanglement-assisted learn-
ing. QRL remains theoretical mainly due to the
complexity of quantum feedback loops and the
lack of interactive quantum environments.

Performance and Benchmarks. Comparisons of
QML algorithms are still challenging due to the
emergence of quantum hardware, and most im-
portantly, there are no publicly available stand-
ard datasets. However, there are some early sig-
nals in several studies about performance.

For instance, the QSVM on IBM superconducting
qubits yielded competitive classification accuracy
compared to classical SVMs for small datasets. At
the same time, the kernel computation on a
quantum device exhibited impressive speed-ups.
Simulator and 5-7 qubit devices have also been
trained with QNNs on binary classification tasks,
but as the number of qubits increases, the noise
degrades performance [3].
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The theoretical analysis predicts that using a
combination of QPCA (or QFT) can achieve a
speed-up in the exponential scaling dimension of
a data space, thereby facilitating the learning of
latent structures in extensive datasets. Despite

this, the performance of experiments is often
well below the theoretical limit, and a gap is ob-
served between idealised and practical perfor-
mance. A summary of algorithm performance
characteristics is provided in Table 1.

Table 1 - Summary of performance and implementation status of key QML algorithms

Algorithm Task Type | Speed-up Potential | Implementation Status Key Limitation
QSVM [24] Supervised Polynomlal.to Ex- Early-stage hardware Quantum kerrllel estimation
ponential noise

QKNN [25] Supervised Polynomial Mostly theoretical gRAM impracticality
QPCA [26] Unsupervised EXponE;I;zlg)l (ideal- Simulated/early-stage Requires pure state input
QNgé\]/QC Supervised | Moderate (hybrid) | Implemented on NISQ Barren plateaus in training
QRL [20] Reinforcement Unknown Theoretical Lack of quantum feedback

systems

Practical Applications. QML algorithms are slowly
gaining practical applications in fields where
classical ML struggles with dimensionality or op-
timisation scale.

a) Quantum-enhanced natural language pro-
cessing (QNLP) is being explored using tensor
networks and quantum circuits to represent
grammatical structure and semantic relation-
ships [27].

b) Drug discovery and molecular simulation are
aided by incorporating quantum chemistry with
QML methods to predict molecular properties or
results of quantum simulations.

¢) Quantum optimisation routines (e.g., Quantum
Approximate Optimisation Algorithm, QAOA) are
being used to model finance and risk, including
portfolio optimisation and the detection of fraud,
waste, and abuse.

d) There are also recent results showing that
some recommendation systems (similar to those
considered by authors [28] can be computed
much faster in the high-dimensional user-item
matrix setting compared to classical settings.
However, the majority of the applications are still
in the proof-of-concept phase and have been
tested only with relatively small datasets and un-
der controlled environments.

Limitations and Challenges. Although QML is
highly promising from a theoretical perspective,
there are many challenges to confront:

a) The lack of hardware is still the most signifi-
cant issue. NISQ processors are high-noise, co-
herently limited gates with short T1 times and

Section “Technics”

low T2 times. Scaling beyond 100 qubits remains
a challenge for the majority of quantum hard-
ware.

b) The software and tooling landscape is frag-
mented, with frameworks such as Qiskit, Pen-
nylane, and Cirq providing a variety of capabili-
ties but no consistent user experience. There are
no standard APIs and benchmarking tools.

c)Data encoding (through quantum feature
maps) is not trivial and often mitigates speed-ups
when the classical-to-quantum transformation of
the data is costly.

d) Barren plateaus - regions of the optimisation
landscape where gradients are incredibly close to
zero — hamper the training of deep quantum neu-
ral networks [29, 30].

The absence of large quantum datasets also hin-
ders experimentation. Simulations of classical
systems are computationally costly and inconclu-
sive when compared to quantum behaviour.

In summary, while theoretical results continue to
reach new frontiers, the practical implementa-
tion of QML is as much constrained by engineer-
ing considerations as by algorithmic foundations.

CONCLUSIONS

In this paper, we have discussed the emerging
research area of Quantum Machine Learning
(QML), where we utilise quantum techniques to
enhance classical artificial intelligence algo-
rithms. The synergy of qubit-type computation
with machine learning algorithms suggests some
interesting possibilities for going beyond the lim-
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itations of classical models in terms of computa-
tional complexity and effectiveness.

The fundamental algorithms such as QSVMs,
QKNN, QPCA, and QNNs have different levels of
theoretical and practical prospects. Although
some quantum models offer exponential or poly-
nomial acceleration in kernel estimation, classifi-
cation, and unsupervised learning, hardware
constraints imposed by NISQ (Noisy Intermedi-
ate-Scale Quantum) technologies often limit their
performance. Experimental works and early ap-
plications demonstrate the feasibility of small
quantum devices. In contrast, deployment in
practical applications remains challenging due to
decoherence, low qubit numbers, and intricate
training behaviour, such as barren plateaus.

In applications, QML has demonstrated early
successes in natural language processing, drug
design, financial modelling, and recommendation
systems. Yet, such applications are primarily ex-
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