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Abstract—Quantum Computing is the technology of the future that could revolutionize today's computing and security. Quantum
computers able to run complex calculations faster than classical computers, thanks to the principles of quantum mechanics, such as
superposition, entanglement and quantum parallelism. In this paper, authors give an extensive overview of quantum computing and
its application in cybersecurity. It introduces basic concepts of quantum computing such as qubits, quantum gates, quantum circuits,
and highlights of some of the important quantum algorithms like Shor’s algorithm and Grover's algorithm. The research also covers
the use of quantum computing in improving cybersecurity by leveraging post-quantum cryptography, quantum machine learning,
network security, and quantum intrusion detection systems. Furthermore, the paper explores the key challenges and limitations of
quantum technologies, such as scalability, fault tolerance, quantum noise, and security concerns. Additionally, a comprehensive
literature survey of the latest developments and research works of quantum computing and quantum security are given. The results
show the potential of quantum computing to enhance cyber security, but also highlight the challenges that will need to be add ressed
in the future, as quantum computers become increasingly common and powerful.
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l. INTRODUCTION

In the contemporary digital era, the security of information
systems and sensitive data has become a critical concern due
to the increasing sophistication of cyber threats.
Consequently, advanced technologies are required to ensure
robust and future-ready cybersecurity frameworks [1].
Quantum computing is a revolutionary computing paradigm
using the principles of quantum mechanics, which is expected
to overcome the limitations of classical computers in solving
complex problems in a more efficient manner [2]. The strong
computational power can revolutionize different sectors such
as health care, finance, logistics, scientific research, etc. But
the rapid development of quantum computing also presents
new challenges for today’s cybersecurity solutions, especially
current cryptographic methods. Due to these factors, quantum
cybersecurity has become an area of interest for researching
secure and resilient systems that can be made future-proof
against quantum threats [3][4].

The rapid growth of digital technologies and networked
systems has led to an unprecedented increase in the volume,
variety, and velocity of data exchanged across computer
networks [5][6]. Intrusion detection systems (IDS) play a
fundamental role in addressing these challenges by
continuously monitoring network traffic and system activities
to identify malicious behavior [7]. Security logs, intrusion
alerts, and network traffic records are often stored in MySQL
databases, enabling efficient data management, analysis, and
support for intelligent threat detection and cybersecurity
monitoring [8]. Quantum computing has emerged as a
promising technology with the potential to address some
limitations of classical computing [9].

Traditional machine learning models, such as support
vector machine (SVM), K-nearest neighbor (KNN), naive
Bayes, logistic regression (LR), decision trees, clustering, and
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combined and hybrid methods have been widely used in
Network Intrusion Detection Systems (NIDS). However,
machine learning (ML) models often rely on handcrafted
features, requiring domain expertise and extensive
preprocessing to ensure optimal performance [10]. Deep
Learning (DL), on the other hand, has shown great accuracy
in detecting sophisticated network attacks [11]. This paper
surveys the role of quantum computing in cybersecurity and
intelligent threat detection, covering fundamental quantum
concepts, key algorithms, cryptographic implications, current
challenges, and emerging research directions for developing
secure, scalable, and quantum-resilient cybersecurity
solutions.

A. Structure of the paper

The paper is organized as follows: Section Il introduces
the fundamentals of quantum computing, while Section Il
explores its applications in cybersecurity. Section 1V
discusses key challenges, limitations, and future scope.
Section V presents a review of recent literature, and Section
VI concludes the study with major findings and future
research directions.

1.  FUNDAMENTALS OF QUANTUM COMPUTING

Quantum Computing is an advanced quantum technology
that is based on the use of qubits, superposition and
entanglement to carry out computations that go beyond the
capabilities of classical computers.

A. Quantum Bits (Qubits)

Quantum bits (qubits) are the building blocks of quantum
computers, which are smaller than classical bits, but feature a
capacity to occupy two or more states at once by means of
superposition. Classical systems would only be able to
represent the information as a 0 or a 1, while a qubit can be
both simultaneously. Different physical implementations have
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been suggested for the realization of qubits including
superconducting circuits, trapped ions, photonic systems,
neutral atoms, nitrogen-vacancy centers and semiconductor
quantum dots. The state of a qubit is expressed as [y) = a|0) +
B|1), with the probability amplitude a and  being complex
numbers such that |o*> + |B? = 1.

B. Quantum Superposition and Entanglement:

Superposition and entanglement are fundamental
principles of guantum computing that distinguish quantum
systems from classical computing models. These properties
enable quantum computers to process information in ways that
are not possible with classical bits.

e Superposition: It allows qubits to exist in linear
combinations of basis states until measurement
collapses them. Unlike classical probability,
superposition enables interference—constructive and
destructive—allowing quantum algorithms to amplify
correct results. For example, three qubits can
simultaneously represent eight states that can be
manipulated together by quantum operations. The
geometry of superposition on the, where a qubit’s state
[w) = a|0) + B|1) is represented by polar and azimuthal
angles 0 and ¢ on the sphere’s surface.

e Entanglement : A uniquely quantum phenomenon in
which two or more qubits become correlated such that
the state of one determines the state of the others,
regardless of spatial separation. This property
underpins  many  quantum  algorithms  and
communication protocols [12]. A well-known example
is the Bell state, (J00) + [11))/N2 (QPMC). Without
entanglement, many quantum algorithms would lose
their exponential advantage.

C. Quantum Gates and Quantum Circuits:

Quantum gates are the basic building blocks of quantum
circuits that operate on one or more qubits to manipulate
quantum states and perform computations. Quantum gates are
represented either as (i) unitary matrices or (ii) schematic
diagrams.

o Clifford + T Gate Set: Quantum gates are represented
either as (i) unitary matrices or (ii) schematic
diagrams. shall focus on the Clifford+T gate set
because it is (i) an approximately universal set and (ii)
they can be made fault tolerant with existing quantum
error correcting codes. Gates such as the Hadamard
gate or T gate are examples of gates which produce a
superposition state at the end of computation. Access
to gates which produce superpositions enables the
quantum circuit designer to execute a richer set of
possible computations.

e CNOT (Controlled Not) Gate: Gates such as the
Hadamard and T gate are called one qubit gates and the
CNOT gate is an example of a two-qubit gate. The
CNOT gate (or Controlled NOT gate) is a two-input
operation where one input is referred to as the control
qubit and the second input is the target qubit. When |A)
=1, |B) shall have the value 1 @ B = B. When |A) =
0, |B) shall be unchanged at the end of computation.
The CNOT gate is an example of a controlled gate
because the action of the gate (the NOT operation) is
controlled by the value of qubit |A). The CNOT gate is
also referred to as a Feynman gate in the literature.
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o Toffoli Gate: The Toffoli gate takes 3 inputs A, B, C
and returns 3 outputs A, B, A - B @ C. The Toffoli
gate is another example of a controlled gate. Unlike the
CNOT gate, the Toffoli gate has two control qubits.
The result of computation A - B @ C requires that two
values simultaneously be 1 before C is complemented.
Therefore, there are instances where the Toffoli gate is
referred to in the literature as a doubly controlled
CNOT gate or as a CCNOT gate.

e Fredkin Gate: The Fredkin gate takes 3 inputs A, B,
Candreturns 3outputs A, A-B+A-C,A-B+A-
C. When the control input A = 1, the values on inputs
B and C are interchanged (or swapped) [13]. When A
=0, the values at inputs B and C are unchanged. As a
result, the Fredkin gate is also referred to as a
Controlled Swap gate or CSWAP gate.

D. Quantum Algorithms (Shor's and Grover's Algorithms):

Quantum algorithms utilize the principles of quantum
mechanics to solve computational problems more efficiently
than classical algorithms. Shor’s and Grover’s algorithms are
among the most important quantum algorithms with
applications in cryptography and search optimization.

e Shor’s Algorithms: Shor's algorithm is used to factor
large integers, a problem that cannot be solved
efficiently by classical computers, which is why Shor's
algorithm is used. It is polynomial time factorable, and
has many applications in cryptography. The
applications of quantum computing are not limited to
the fields of information and communication
technology, but quantum computers could also be used
for cryptography, material science, chemistry, and
artificial intelligence.

e Grover’s Algorithm: In 1996, Lov Grover invented
Grover's algorithm, which offers the best quadratic
speedup improvement over classical algorithms for
searching an unsorted database. Classical computing
requires O(N) operations, whereas Grover's algorithm
requires O(VN) operations [14]. It takes advantage of
quantum amplitude amplification to boost the chances
of obtaining the correct answer.

1.  APPLICATION OF QUANTUM COMPUTING IN
CYBERSECURITY

Quantum computing is transforming cybersecurity by
introducing new cryptographic challenges and enabling
advanced techniques for threat detection, network security,
and intelligent intrusion detection systems.

A. Post-Quantum Cryptography:

The three commonly used cryptographic systems in digital
communication are RSA, Elliptic Curve Cryptography (ECC)
and symmetric key algorithms. These algorithms are used to
ensure the security of data transmission, which means that the
information is transmitted in a way that prevents unauthorized
access [15]. The development of quantum computers poses a
threat to existing public-key cryptographic protocols,
however, since quantum algorithms can efficiently break
traditional encryption techniques [16].

B. Quantum Machine Learning for Threat Detection:

Today, Quantum Machine Learning has emerged as a
promising approach that combines conventional machine
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learning models with quantum computing, where
computationally intensive tasks are executed on quantum
devices to improve efficiency and performance.

e Quantum Support Vector Machine: One of the
fundamental supervised ML methods designed to
classify objects into two classes {-1, +1} is a support
vector machine. Thus, theoretically, the training
process of a binary classifier can be exponentially
accelerated if the described classification algorithm is
run on a quantum computer. This capability has
motivated researchers to adapt SVM-based intrusion
detection systems to quantum devices and evaluate
their performance on large cybersecurity datasets. The
implementation of the QSVM algorithm in IBM
Circuit Composer is shown in Figure 1.
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Fig. 1. QSVM circuit model

Figure 1 illustrates the QSVM implementation in IBM
Circuit Composer, where quantum gates and qubits are used
to process input data and perform classification tasks.

e Quantum convolutional neural network: A success
case of quantum neural network that has demonstrated
its quantum advantage in recognition of complex
objects. When it comes to image processing, a CNN
generally consists of a sequence of different
(interleaved) layers of image processing; in each layer,
an intermediate two-dimensional array of pixels, called
a feature map is produced from the previous one. A
CNN consists of different types of layers:
convolutional layers, subsampling (or pooling) layers
and layers of regular perceptron [17]. The first two
layers (convolutional and subsampling) alternating
with each other, form an input feature vector for a
multilayered perceptron. The effectiveness of QCNN
has encouraged researchers to develop QCNN-based
intrusion detection systems and evaluate their
performance on large datasets. Figure 2 presents a
general QCNN’s circuit model.
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Fig. 2. QCNN circuit model

Figure 2 illustrates the general QCNN architecture
consisting of convolution, subsampling, and a fully connected
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layers that process input quantum states and generate
classification outputs.

C. Quantum Computing in Network Security:

It utilizes quantum principles such as superposition,
entanglement, and quantum parallelism to address
computational challenges in analyzing large-scale network
data and detecting malicious activities. It supports quantum-
enhanced algorithms for network anomaly detection, secure
multiparty computation, and quantum-based cryptographic
protocols to ensure data integrity and confidentiality. QML
offers significant potential for improving network security by
addressing complex and evolving cyber threats [18]. It can
enhance threat intelligence through rapid analysis of network
logs, threat feeds, and historical attack patterns [19].
Furthermore, QML contributes to the development of adaptive
intrusion detection systems (IDS) capable of autonomously
learning and responding to new and unknown threats in real-
time.

D. Quantum-Enhanced Intrusion Detection Systems (IDS):

The growing adoption of Internet of Things (loT)
applications and remote access infrastructures has introduced
several security vulnerabilities, increasing the need for
advanced intrusion detection systems. Distributed Denial of
Service (DDoS) attacks are among the major threats affecting
networks by generating large volumes of unusual traffic that
overwhelm hosts and consume system resources through
malicious packets. As a result, legitimate users may gradually
be denied access to network services. Various techniques have
been developed to detect such anomalies. Since quantum
systems possess high computational power, quantum intrusion
detection systems can outperform traditional intrusion
detection approaches [20]. Therefore, in real-time network
applications, quantum intrusion detection systems are highly
significant because they can detect anomalies quickly and help
prevent major damage to network infrastructures.

IV. CHALLENGES AND LIMITATIONS

There are several challenges and limitations associated
with the implementation of quantum computing in
cybersecurity, as discussed below:

A. Hardware and Scalability in Quantum Computing:

Fault-tolerant quantum computing refers to the ability of a
guantum computer to perform computations accurately
despite errors caused by noise and imperfections in quantum
hardware. As quantum computing continues to evolve,
achieving fully fault-tolerant systems becomes increasingly
important. Quantum systems face challenges due to noise,
decoherence, and hardware-related errors, which can affect
computational reliability. Overcoming these obstacles is
essential for realizing the full potential of quantum computing.
Scalability is another major challenge, as managing qubits,
reducing noise, and maintaining coherence become more
difficult as system size increases. Furthermore, quantum
processors require ultra-low temperatures and become
increasingly complex to manage as the number of qubits
grows, making large-scale and reliable quantum computing a
significant research challenge [21].

B. Operational Constraints of Current Quantum Systems:

Current quantum computing systems face several
limitations, including correlated noise, qubit leakage, and
crosstalk effects. These challenges affect fault tolerance,
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system stability, and scalability, making reliable large-scale
quantum computation difficult to achieve.

e Correlated Noise and Fault Tolerance: A central
challenge is that QEC thresholds are not fixed values;
they depend on the properties of the quantum error-
correcting code and can undermine scalability even
when average error rates appear low. Practical studies
show that correlated structures must be explicitly
modeled and ideally, exploited-either by adapting the
decoder or by engineering the device so that
correlations are suppressed or reshaped into less
harmful forms. This suggests that fault tolerance is not
only about reducing error magnitude but also about
shaping error geometry relative to the code.

e Leakage as a Scaling Controller: Leakage is
considered a major challenge because it behaves like
an error mode that QEC is not naturally designed to
correct. Leakage can corrupt multiple syndromes,
propagate through gates, and persist. Overcoming
leakage in QEC has therefore become a major line of
research. In practical terms, this means that any
platform with significant leakage must include fast and
reliable leakage detection, active reset, and decoding
that accounts for leakage-induced syndrome
anomalies.

e Crosstalk and Calibration Limitations: As devices
scale, crosstalk can introduce conditional errors and
create spatially extended error patterns. In addition,
frequent recalibration interrupts computation, while
insufficient recalibration allows drift to increase error
rates during long QEC runs [22]. Thus, scalability
requires not only good qubits, but also a stable and
automatable control stack.

C. Cybersecurity Risks in the Quantum Era:

The advent of quantum computing presents significant
security challenges to traditional cryptographic systems.
Many existing cryptographic algorithms used to protect
critical infrastructure and confidential data may become
ineffective against quantum computer attacks. Organizations
that delay the adoption of quantum-resistant cryptographic
methods remain vulnerable to threats such as cryptographic
breaches, identity theft, financial fraud, and cyber espionage.
Classical security systems are particularly at risk because
quantum computing can solve certain mathematical problems
that form the foundation of modern cryptography [23].
Consequently, future quantum attackers may be able to break
widely used encryption algorithms. Quantum algorithms such
as Shor’s and Grover’s algorithms have the potential to
compromise cryptographic security by recovering private
keys, decrypting sensitive information, and gaining
unauthorized access to confidential data, emphasizing the
need to reassess existing security frameworks in preparation
for the quantum era.

V. LITERATURE REVIEW

The literature review examines recent advancements in
guantum computing and cybersecurity, focusing on quantum
machine  learning,  intrusion  detection,  quantum
communication, cybersecurity frameworks, implementation
challenges, and future research opportunities.

P. Kamble et al. (2026) proposed a Hybrid Deep
Learning—Decision Tree (DL-DT) model that improved
cyber-attack detection accuracy, efficiency, and latency by
integrating rule-based frequency filtering. However, the
framework was validated on a single dataset, limiting its
generalizability. Future studies should evaluate its
performance across diverse, real-time cybersecurity
environments [24].

Y. Zhu et al. (2026) proposed single-qubit quantum graph
neural networks (SQGNNs) to enhance graph learning
performance and computational efficiency. However, their
evaluation was limited to benchmark datasets. Future studies
should focus on large-scale deployment and validation on
practical quantum computing platforms [25].

G. J. Skulmoski and A. Memari (2025) presented quantum
cybersecurity program management strategies to improve
organizational readiness. However, the work primarily
emphasizes planning and governance rather than
implementation. Future studies should investigate practical
deployment, effectiveness, and scalability of quantum-safe
cybersecurity frameworks in diverse environments [26].

I. Mahmud and A. Abdelhadi (2025) reviewed the
integration of  Artificial Intelligence in  Quantum
Communication to improve security, transmission reliability,
and network scalability. The study analyzed machine learning
techniques, including neural networks and reinforcement
learning, and highlighted the need for unified, cost-effective,
and scalable Al-driven quantum communication frameworks
[27].

S. Sankar, R. Dutta, and S. Karmakar (2024) examined
different machine learning methodologies for predictive
analysis and cyber threat assessment, leveraging data-driven
methodologies to bolster early detection and automatic
responses to evolving network attacks. Furthermore, the work
points out various key challenges in implementation,
including data privacy, explain ability of models, and
protection against adversarial attacks [28].

D. Abreu, C. E. Rothenberg, and A. Abelém (2024)
proposed QML-IDS for enhanced attack detection and
classification  performance. However, its practical
applicability remains uncertain due to limited real-world
validation. Future studies should investigate scalability,
computational requirements, and deployment in dynamic
cybersecurity infrastructures [29].

The Table | summarizes the major studies related to
guantum computing in cybersecurity, presenting their key
contributions, techniques, advantages, limitations, and
recommendations for future research.

TABLE I. SUMMARY OF LITERATURE REVIEW ON QUANTUM COMPUTING AND CYBERSECURITY APPLICATIONS
Authors Study on Contributions Advantages Limitations Recommendations
Y. Zhu et al, | Single-Qubit Proposed efficient | Improved scalability, | Requires further | Explore large-scale
(2026) Quantum Graph | graph-learning efficiency, and | validation on larger | deployment and advanced
Neural Networks | architecture for NISQ- | generalization quantum hardware quantum architectures
(sQGNNs) era quantum systems capability
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VI. CONCLUSION AND FUTURE WORK

As one of the most promising technologies to transform
the cybersecurity landscape in the years to come, quantum
computing is rapidly gaining traction. Quantum computer
technology can be used to create new secure communication
systems, smarter threat detection systems, and more
sophisticated security systems by leveraging the principles of
quantum  mechanics, including  superposition and
entanglement. This review emphasized the key principles of
quantum  computing, its potential applications in
cybersecurity, and the emerging field of quantum machine
learning for tackling complex security problems. In addition,
the study revealed challenges that currently prevent the
widespread adoption of large-scale implementations, such as
hardware limitations, quantum noise, scalability, operational
complexity and high implementation costs. Despite these
difficulties, ongoing developments in quantum technology
suggest great promise for quantum-enhanced cybersecurity
systems. Future research should focus on quantum-safe
cryptography, fault-tolerant quantum systems, Al-driven
threat detection, and secure blockchain integration.
Collaborative efforts among researchers, industry, and
policymakers will be essential to developing scalable,
resilient, and practical quantum-enabled cybersecurity
infrastructure to address emerging cyber threats.
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