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ABSTRACT

Next-generation wireless communication systems should have
very low latency, high reliability, the ability to connect a lot of
devices, and better security. Artificial intelligence (Al) is an
important part of intelligent network management because it
makes channel estimation, spectrum allocation, beamforming,
and network optimization more efficient. But classical Al
methods have a lot of problems when used on large wireless
networks, such as being very hard to compute, using a lot of
energy, and not being able to grow.

Recently quantum artificial intelligence i.e.QAI which
combines quantum computing with machine learning has
become a promising way to get around these problems. By using
quantum mechanics ideas like superposition, entanglement and
quantum parallelism QAI could speed up optimization tasks,
make pattern recognition better and make secure communication
better.

This paper gives a full overview of QAI and how it could be
used in the next generation of wireless communication systems.
The study talks about the basics of quantum computing, how Al
can help wireless networks, and new quantum machine learning
models that are being developed. Also, quantum algorithms like
Grover's search algorithm and the Quantum Approximate
Optimization Algorithm (QAOA) are looked at in relation to
problems with optimizing wireless networks. Lastly, we talk
about the problems that QAl-enabled wireless communication
systems face right now and the research that needs to be done in
the future.
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1. INTRODUCTION

Wireless communication systems have evolved significantly
from first generation(1G) analog communication technologies
to modern fifth generation i.e.5G networks capable of delivering
high speed data services, massive connectivity, and intelligent
communication infrastructures. The increasing demand for high
bandwidth applications such as immersive media, Internet of
Things (IoT), autonomous vehicles and industrial automation
has pushed wireless networks toward the development of sixth
generation i.e.6G communication systems [10,11,27].

Future wireless networks are expected to provide ultra reliable
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low latency communication (URLLC) terabit per second data
rates and intelligent network automation. These requirements
introduce complex optimization problems involving high
dimensional data processing, large scale network management
and dynamic decision making. Traditional computational
techniques often struggle to efficiently address these challenges.
Artificial Intelligence is one of the keys enabling technologies
for improving the performance of wireless communication
systems. Al based approaches allow networks to adapt
dynamically to changing conditions by learning patterns in data
optimizing resource allocation startegies.However classical Al
approaches require significant computational resources and
large training datasets, which may limit their applicability in
large scale and latency sensitive wireless environments
[8,34,35].Quantum computation present an innovative
computational paradigm that can resolve specific categories of
problems more effectively than classical computers. Quantum
computers can handle a lot of information at once by using
quantum mechanical effects like superposition, entanglement
and interference. This method, when combined with machine
learning, leads to the new field of Quantum Artificial
Intelligence (QAI) [40].

Even though classical Al techniques have made a lot of progress,
the next generation of wireless networks is becoming more
complicated, which makes computing harder. In today's wireless
world, you need to be able to make decisions in real time,
optimize things on a large scale, and process huge amounts of
data quickly that connected devices create. Because of problems
with computation and scalability traditional Al algorithms might
have a hard time meeting these needs. Quantum Artificial
Intelligence i.e.QAI is one of the new and exciting filed that
combines quantum computing with machine learning to make
computer work faster and learn more [22]. This Paper examines
the essential principles of QAI and investigates its prospective
applications in next generation wireless communication
systems. The paper also talks about the problems that already
exist and suggests new research opportunities in this new field
of study.

1.1 Related Work

Several studies have investigated the integration of artificial and
quantum computing in wireless communication systems.
Classical Al techniques have been widely applied to optimize
wireless networks [8][34][35]. However recent research has
explored the potential of quantum computing to improve
learning efficiency and solve large scale optimization problems
[40][22]. Table 1 summarizes key contribution in the literature
related to Al, quantum computing and wireless communication
systems.
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Table 1. Summary of related work

Ref | Author/ | Method Application | Key

eren | Year Contribution

ce

No.

[8] O’Shea | Deep Physical Introduce
& Learning Layer deep learning
Hoydis Communica | approaches
(2017) tion for signal

detection and
channel
estimation.

[34] | Yeetal. | Deep Channel Demonstrate
(2018) Neural Estimation d improved

Networks accuracy
In  wireless
channel
estimation
using DL

[35] | Daietal. | Al for | Network Surveyed Al
(2019) wireless Optimizatio | enabled

Networks | n wireless
communicati
on
architectures
proposed
learning
based

[29] | Muppiri | Machine Beamformin | Proposed
setty et | Learning g learning
al. based
(2019) predictive

beamforming
for mm Wave
systems

[21] | Arulku Reinforce | Resource Introduced
maran et | ment Allocation RL
al. Learning techniques
(2017) for dynamic

wireless
network
control.

[40] | Biamont | Quantum Pattern Discussed
e et al. | Machine Recognition | quantum
(2017) Learning algorithms

for machine
learning tasks

[22] | Wittek Quantum Data Presented
(2014) ML classificatio | quantum

algorithms | n support
vector
machines and
quantum
kernels

[17] | Farhi et | QAOA Optimizatio | Introduce
al. n quantum
(2014) approximate

optimization
algorithm
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[36] | Nguyen | Quantum | Wireless Applied
et al. | Annealing | optimization | quantum
(2020) optimization

to  wireless
network
resource
allocation.

[48] | Cacciap | Quantum | Network Proposed
uoti et | Communi | Architecture | quantum
al. cation assisted
(2020) communicati

on networks.

Based on Table 1, it is evident that classical Al approaches,
including deep learning and reinforcement learning, have been
extensively used in wireless communication systems to address
activities such as channel estimation, beamforming, and
resource allocation. Nevertheless, such approaches are generally
costly in terms of training data and computational resources, and
might not be feasible in large-scale networks in real-time.
Conversely, quantum machine learning methods have the
promise to provide benefits in tackling complex optimization
problems via quantum parallelism. However, their real-life use
is limited with hardware limitations and noise. Hence, a hybrid
between classical Al and quantum computing is becoming a
potentially promising future of wireless systems in the next
generation.

1.2 Research Gap

Despite significant progress in artificial intelligence based
wireless communication systems, several challenges remain in
managing the increasing complexity of next generation
networks. Future 6G communication systems will involve
massive device connectivity, dynamic network environments
and large scale data processing requirements that may exceed
the capabilities of conventional Al techniques[11].Moreover,
classical machine learning algorithms often require extensive
computational resources and training time, which may limit their
effectiveness in real time wireless applications[34].Although
quantum computing has shown potential for solving complex
optimization problems, its integration with Al for wireless
communication system is still an emerging research area
[40].Therefore, a comprehensive understanding of Quantum
Artificial Intelligence i.e.QAIl and its potential role is next
generation wireless networks is needed.

1.3 Contributions of the Paper

The main contribution of this paper is summarized as follows:

1.This paper provides an overview of the fundamental concepts
of Quantum Artificial Intelligence i.e.QAI and its underlying
principles [22][40].

2. It reviews the role of artificial intelligence in next generation
wireless communication systems, particularly in network
optimization an intelligent resource management [8][34][35].

3This study explore the potential applications of quantum
computing techniques in wireless communication network,
including optimization and data processing tasks [17][36][48].

4. It analyses recent research developments in quantum machine
learning and quantum optimization algorithms relevant to
wireless communication [22][40][17].

5.The paper discusses key challenges, limitations and future
search directions for integrating QAI into next generation
wireless communication systems [11][48].
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2. FUNDAMENTALS
COMPUTING

Quantum computing represents the significant shift from
classical computation by utilizing quantum bits(qubits) instead
of classical binary bits. Unlike classical bits that exits in either
state 0 or 1, a qubit can exist in a linear combination of both
states simultaneously [22][40].

OF QUANTUM

A general quantum state of a qubit can be represented as

ly)=al0)+BI1)

Where a and B are probability amplitudes satisfying the
normalization condition [22].

In Quantum systems qubits can represent in more than one state
at a time so it can process information parallel. This gives them
an edge in some problems [40].

2.1 Quantum Superposition and

Entanglement

In Quantum superposition qubits be in more than one state at the
same time. This lets quantum systems look at many
computational states at once [22]. Entanglement is another
important part of quantum mechanics that lets qubits show
strong connections even when they are far apart [40]. These
traits let quantum systems solve hard optimization problems
faster than classical systems.

2.2 Quantum Gates and Quantum Circuits
Quantum gates are used to perform some quantum computations
that manipulate qubit states through unitary transformations
[22]. There are a lot of quantum gates are used for this purpose
like Hadamard gate, Pauli-X, Pauli-Y and Pauli-Z gates,
controlled-NOT(CNOT) gate, Toffoli gate etc. Quantum circuits
composed these different types of gates are used to implement
quantum algorithms and quantum machine learning models
[17][40].

2.3 Physical Implementations of Qubits

Now a days several physical technologies have been proposed
for implementing qubits. The most widely studied
implementations include superconducting qubits, trapped ion
qubits, photonic qubits, nitrogen vacancy canters in diamond
and silicon spin qubits [40]. Each implementation offers
different advantages in terms of scalability, coherence time and
operational complexity.

3. ARTIFICIAL INTELLIGENCE IN
WIRELESS COMMUNICATION

Artificial Intelligence is one of the most powerful techniques
that enhance the performance, efficiency and intelligence of
modern wireless communication systems. The rapid growth of
connected devices, increasing data traffic and dynamic network
environments have made traditional network management
techniques insufficient foe handling complex wireless
systems.Al enables wireless networks to analyze large volume
of data, learn patterns from network behavior and make
intelligent decisions for efficient resource utilization.

In recent year, Al based techniques have been widely adopted in
wireless communication to support various network operations
such as channel estimation, interference mitigation, spectrum
management, traffic prediction, and network optimization
[8][34]. Using machine learning models allows wireless
network adapt to dynamically changing conditions, which
improve overall network performance. These intelligent features
are especially important for future communication systems, such
as 5G and upcoming 6G networks. These systems require
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advance data driven solution to handle the demand of massive
connectivity ultra-low latency [21].

3.1 Basic of Artificial Intelligence

Artificial Intelligence refers to the deliberate creation of
computing systems that replicate essential features of human
cognition, which is both learning, reasoning, pattern recognition
and decision-making [35]. These systems are developed with the
purpose of executing jobs that would have traditionally
necessitated the intellectual capacity of humans, and hence
advance the frontiers of machine independence in the fields
where expertise is essential.

Al systems regularly process large amounts of data to observe
new noteworthy patterns and come up with actionable
confidence [35]. The outcome of the generated analytical
processes forms the basis of automated decision-making
procedures and thus making intelligent agents work with
minimal human supervision but with a respect to the existing
logical and ethical limits.

In its traditional meaning, in the framework of the academic
discussion, Artificial Intelligence can be defined as the
methodical engineering of computational paradigms, which
attempt to recreate aspects of human cognitive activity, i.e. the
process of learning, reasoning, pattern recognition, and
decision-making [35]. The modern Al designs are designed in
such a manner that they consume large amounts of data, out of
which they extract significant patterns using statistical and
algorithmic methods, and subsequently produce actionable
information which is used to drive automated decision-
construction mechanisms. The empirical validation and peer-
review of these models, which is based on their optimal
refinement, represents the intensive empirical approach that
defines the field.

Machine learning (ML) is one of the most critical branches of
artificial intelligence, which provides computational systems
with the ability to extract knowledge in the form of data without
any programming instructions [21]. With repetition of the
process, the algorithms in ML optimize their performance
through scrutiny of past data and the discovery of latent
relationships that permeate the data. Major paradigms used in
the area include supervised learning, unsupervised learning and
reinforcement learning [21].

Deep Learning is a subdivision of machine learning that uses
multilayer artificial neural networks in order to estimate
complicated relationships in large data sets [8][34]. It is shown
by the empirical data that deep learning methods have become
tremendously successful in a variety of areas- in image
recognition, natural language processing, speech recognition,
and intelligent data analysis. The deep learning models are
especially suitable to the modern wireless communication
context due to their high-dimensionality processing capabilities,
since large amounts of network data are generated at any given
time in such contexts [8][34].

3.2 Al Application in wireless Network

The artificial-intelligence methods have over the last ten years
become largely integrated in the wireless communication
infrastructures to not only enhance the efficiency of the system
but also offer advanced network control [35]. Another
conspicuous example of this assimilation is channel estimation;
in this situation, machine-learning models provide very accurate
forecasts of channel conditions, which would augment the
accuracy of signal capture [34].

Artificial intelligence is also being used in dynamical spectrum
management, where complex algorithms are used to analyze
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utilization patterns of the spectrum, and intelligently assign
frequency resources to prevent interference and improve
spectral efficiency [35]. The other critical usage is in
beamforming optimization; in this case, Al-based methods
reoptimize the beam of the antennas to support signal intensity
and enhance communication resilience [29].

More so, artificial intelligence techniques are also applied in
forecasting network traffic, hence allowing network operators to
predict congestion and efficiently redistribute resources [35].
Reinforcement learning, in this case, is very effective in the
adaptive control of the network; agents achieve optimal
strategies of resource allocation and management of the network
through continuous interaction with the wireless environment
[21].

Altogether, the use of artificial intelligence in wireless
communication systems leads to smart, dynamic, and effective
network functions, a condition that meets the standards of
performance defined in the future communication networks

[11].

Although Al based techniques significantly enhance wireless
network performance, they introduce challenges such as high
computational complexity, increased energy consumption, and
dependency on large scale datasets. These limitations restrict
their deployment in ultra-low latency and large-scale
environments,  thereby  necessitating more efficient
computational paradigms such as quantum enhanced
approaches.

Applications of Al in Wireless Communication

Usage Distribution (%)

o«
S
a3

ge.
@

Fig 1: Applications of Al in Wireless Communication

The above figure illustrates the major application areas of
artificial intelligence in wireless communication systems, with
significant usage in channel estimation, beamforming, and
resource allocation.

4. LIMITATIONS OF CLASSICAL AI IN
NEXT GENERATION NETWORK

Despite the advantages of artificial intelligence in wireless
communication systems classical Al techniques face several
limitations when applied to large scale networks [8][34][35].

4.1 Computational Complexity

Computational complexity is the number of computational
resources, amount of memory and processing time required to
implement artificial intelligence systems [35]. The extensive use
of deep learning models requiring deep network data comes at a
heavy computational cost to the hardware infrastructure [8][34].

4.2 Latency Constraints

Numerous artificial intelligence applications involve complex
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pipelines of inferences and thus, create latency, which can be
incompatible with Ultra-Low-Latency applications [11][34].

4.3 Energy Consumption

Training and deploying deep neural architectures have
significant energy needs, and the problem is especially relevant
in the case of battery-powered devices [8][34].

4.4 Scalability Issues

It is expected that future wireless networks will support billions
of devices that are connected, which makes scales quite daunting
to traditional artificial intelligence systems [11][35].

These limitations indicate that classical Artificial techniques
alone may not be sufficient to address the increasing complexity
of next generation wireless networks thereby motivating the
exploration of advanced paradigms such as Quantum Artificial
Intelligence. The major limitations of classical Al techniques in
wireless communication systems are illustrated in Figure 2

Limitations of Classical Al in Wireless Networks

Computational Complexity

Latency

Energy Consumption Scalability

Fig 2: Limitations of Classical Al in Wireless Networks

This figure shows that computational complexity and energy
consumption are the most significant challenges, followed by
scalability and latency issues. These limitations restrict the
effective deployment of classical Al techniques in large scale
and real time wireless communication environments.

5. QUANTUM ARTIFICIAL
INTELLIGENCE

Quantum artificial intelligence or QAI is a blend of quantum
computing and machine learning which promises to bring
significant computational benefits and improvement in learning
capabilities [22][40]. Quantum machine learning paradigms
exploit quintessentially quantum concepts (such as
superposition, entanglement and quantum parallelism) in
processing high dimensional data streams with a superiority over
classical methodologies [22][40].

These inherent properties enable quantum systems to explore
complex solution spaces and perform certain computational
tasks often with a speed that is much better than what has been
realized in machine learning algorithms [17][22].

Consequently, QAI has solidified as a captivating unofficial
route to deal with computationally intensive issues in the
analysis and optimization of data [22][40]. In this section, we
will be discussing the principal quantum Al models, namely
Quantum Neural Network and Variational Quantum Circuits
[22][40].
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5.1 QAI Architecture for Wireless Networks

Network Intelligence Layer
spectrum acééss, interference,
autonomous operatign

Fig 3. Proposed Quantum Artificial Intelligence
architecture for wireless networks

The proposed architecture adds a multi-layered QAI framework
to the 6G network stack [11][22][40].

5.1.1 Device Layer
This layer has devices that connect to the Internet, User
equipment (UE), Sensors and motors.

These devices send classical wireless data (CSI, mobility,
interference patterns) to the QAI system through encoders
[11][34].

5.1.2 Edge Quantum Processing Layer

This layer has quantum-enhanced computing units that are set
up at: i) Edge data centers, ii) Base stations, iii) RIS controllers
and there are three functions of this layer respectively Encoding
quantum data, VQC reasoning and Quantum optimization for
planning and distributing resources [22][40]. For better channel
responses, RIS controllers use phase configurations that have
been optimized for quantum use.

5.1.3 Layer of the Quantum Cloud(Q-Cloud)

Cloud-hosted quantum processors take care of hard tasks like
QAOA, HHL, and QGAN training [17][22][40]. Quantum-as-a-
Service (QaaS) makes it possible to execution that can be scaled,
Training with variations from a distance well as Base stations
sharing quantum resources [40].

5.1.4 Layer of Network Intelligence
This layer takes the results of quantum models and combines
them with 6G control systems [11][22]:

i) Beam forming with the help of quantum mechanics
ii) Choices about spectrum access
iii) Aligning interference

iv) Network operation without help
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The outputs from the quantum processor go back into classical
radio management modules, which lets both types of decision-
making happen [34].

5.2 Quantum Neural Network

Quantum Neural Networks i.e. QNNs combine classical neural
network architectures with quantum computational layers
[22][40]. These models can represent complex functions using
fewer parameters which may improve learning efficiency and
reduce computational complexity [22].

5.3 Variational Quantum Circuits

Variational Quantum Circuits i.e. VQC are hybrid quantum
models consisting of parameterized quantum circuits optimized
using classical algorithms [22][40]. These models are
particularly suitable for current noisy intermediate scale
quantum i.e. NISQ devices [40].

While QI offers promising computational advantages, its
practical implementation faces challenges such as quantum
hardware limitations, noise and scalability issues. Furthermore,
the integration of quantum models with classical wireless
systems remains a complex research problem that require further
investigation.

6. CLASSICAL AI Vs QUANTUM AI:
COMPARATIVE ANALYSIS

Table 2 presents a comparison between classical Artificial
intelligence techniques and quantum artificial intelligence
approaches in the context of wireless communication systems.
That contain the different types of parameters like computational
model, data representation, processing capabilities and many
more.

Table 2: Comparison between Classical AI and Quantum

Al

Feature Classical Al Quantum Al
Computational | Classical Quantum processors
model Processors using qubits
Data Binary bits (0 or | Quantum states using
Representation | 1) superposition
Processing Sequential  or | Quantum parallelism
capability parallel enabling  simultaneous

computing computations
Optimization Often trapped in | Quantum tunnelling helps
Performance local minima escape local minima
Model Require  large [ Can  achieve similar
Complexity neural networks | performance with fewer

parameters

Computational | Polynomial Potential exponential
Speed scaling speedup for certain tasks
Energy High for deep | Potentially lower due to
consumption learning models | compact representations
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Security Classical Quantum  cryptography
cryptographic with information
methods theoretic security

Scalability Limited by | Promising scalability

hardware  and | with quantum algorithms
data availability

Wireless Channel Quantum enhanced
Applications estimation, optimization, spectrum
beamforming, sensing, security
routing

Table 2 shows that, Quantum Artificial Intelligence can possibly
surpass classical Al in terms of computational speed and
optimization potential, especially with high-dimensional
problems. Such benefits are, however, mostly theoretical, since
in practice quantum systems are restricted by hardware
limitations and noise. On the other hand, classical AI methods
are older and more broadly implementable, but have scalability
and energy-efficiency problems. Thus, although QAI has a
higher potential in the future, classical Al is more feasible to the
existing wireless communication systems.

Performance Comparison between Classical Al and Quantum Al
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Fig 2: Performance Comparison between Classical Al and
Quantum Al

This graphical comparison highlights that Quantum Artificial
Intelligence demonstrates superior potential in terms of
computational speed, optimization capabilities, scalability and
security. However classical Al remains more practical for
current deployment due to its maturity and lower
implementation complexity.

7. QUANTUM  ALGORITHMS FOR
WIRLESS OPTIMIZATION

There are some quantum algorithms which provide powerful
tools for solving optimization problems in wireless
communication systems [17][22][40].

7.1 Quantum Approximate optimization

algorithm

The Quantum Approximate Optimization Algorithm i.e. QAOA
is mainly designed for solving combinatorial optimization
problems [17]. In wireless communication systems, QAOA can
be used for resource allocation, beamforming optimization and
power control [17][40].

7.2 Grover’s search Algorithm

Grover’s algorithm provides a quadratic speedup for
unstructured search problems [40]. This algorithm can be
applied to network optimization tasks such as interference
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detection and optimal routing [22][40].

Although quantum algorithms such as QAOA and Grover’s
algorithm provide theoretical speedups, their real-world
deployment in wireless communication systems is still limited
due to hardware constraints and implementation complexity.

8. RESEARCH CHALLENGES

Quantum Artificial Intelligence (QAI) has a lot of potential, but
there are still some problems that need to be fixed before it can
be widely used in wireless communication systems [22][40].
One of the biggest problems is that current quantum hardware
can't be easily scaled up because current quantum processors can
only handle a small number of stable qubits [40]. Moreover,
quantum noise and decoherence significantly affect the
reliability and stability of quantum computations, which makes
it difficult to perform long and complex tasks [40].

Another big problem is figuring out how to encode classical
wireless communication data into quantum states in a way that
works well [22]. This is still an open research question. Also,
combining quantum computing systems with current classical
wireless network infrastructures is hard both technically and
architecturally [48]. More research is needed to address the
challenges of creating hybrid quantum classical systems
managing resources effectively and improving algorithm
performance [22][40].to make practical QAI applications work
in future wireless communication systems and next generation
network architectures these problems must be solved [11][48].

9. FUTURE RESEARCH DIRECTION

The main purpose of the quantum Artificial Intelligence i.e.QAI
in aspect to future is generate next generation wireless systems
that should focus on developing hybrid quantum classical
architectures that combine the strengths of classical computing
and quantum processors to efficiently solve complex
optimization problems in large scale networks[22][40].The
integration of quantum computing with edge computing
infrastructures can enable low latency intelligence decision
making for task such as spectrum allocation, beamforming
optimization and inference management[11][34]. Quantum
machine learning algorithms including quantum  neural
networks and variational quantum circuits may play a significant
role in processing massive wireless data generated by IoT
devices and autonomous systems[22][40].Another important
direction is the application of quantum optimization algorithm
to improve resource allocation and network management in
future 6G networks[17][11].Researchers must also address key
challenges including quantum hardware scalability ,noise and
decoherence, efficient quantum data encoding and seamless
integration  with existing ~ wireless infrastructures
[40][48].Furthermore the development of quantum secure
communication techniques such as quantum cryptography and
quantum key distribution can significantly enhance the security
of future communication systems[40].Continued advancement
in quantum hardware, algorithms and communication
architectures will be essential for realizing the full potential of
QAI enabled intelligent wireless networks[11][22][40].

10. CONCLUSION

Quantum Artificial intelligence i.e. QAI is considered one of the
promising ways to solve the difficult problems that come with
next generation wireless communication systems [22][40]. QAI
could make important wireless network tasks like network
optimization, spectrum management, beamforming and secure
communication much better by combining the processing power
of quantum computing with advanced machine learning
methods [17][34][35].

31



Quantum computing works using different ideas such as
superposition, entanglement and quantum parallelism [22][40].
These principles make it easier to work complicated
optimization problems and high dimensional data than
traditional methods [22]. Because of this, Quantum Artificial
Intelligence can help wireless communication networks have
smart and flexible control [11][22]. These features make the
future wireless systems more flexible and efficient. Quantum
technology is still in its early stages of development though it
has a lot of potential benefits. Before it can be widely used, it
needs to overcome a number of technical problems [40].

Despite the considerable potential of quantum technology, many
challenges remain. For example, current quantum hardware isn't
very scalable, quantum systems have noise and decoherence,
and quantum technologies need to work with existing classical
wireless networks [40][48]. To solve these problems, we need to
keep doing research on quantum algorithms, hybrid quantum-
classical architectures, and the development of quantum
hardware [22][40].

In the overall assessment view, it has to be admitted that even
though QALI has a high potential of resolving the complicated
optimization and scalability challenges in the next-generation
wireless networks, the technology is still not widely
implemented, owing to its technological restriction. Thus, it is
expected that future studies should be devoted to the hybrid
quantum-classical methods which can utilize the advantages of
both paradigms.

Overall, improvements in quantum computing and artificial
intelligence are likely to speed up the use of QAI-based solutions
in real life [22][40]. These kinds of changes will be very
important for making future wireless networks, including new
6G technologies, have smart, fast, and safe communication
systems [11].

11. REFERENCE

[1] M. Nielsen and I. Chuang, Quantum Computation and
Quantum Information, Cambridge University Press, 2010.
DOI: https://doi.org/10.1017/CB0O9780511976667

[2] J. Preskill, “Quantum computing in the NISQ era and
beyond,” Quantum, 2 (2018), 79. DOI: 10.22331/q-2018-
08-06-79.

[3] S. Lloyd, “Universal quantum simulators,” Science,
273(5278) (1996), 1073-1078. DOI:
10.1126/science.273.5278.1073

[4] P. Rebentrost, M. Mohseni and S. Lloyd, “Quantum support
vector machine for big data classification,” Physical
Review Letters, 113(13) (2014), 130503. DOI:
10.1103/PhysRevLett.113.130503

[5] V. Dunjko and H. Briegel, “Machine learning and artificial
intelligence in the quantum domain,” Reports on Progress
in Physics, 81(7) (2018), 074001. DOI: 10.1088/1361-
6633/aab406

[6] C. Bennett and G. Brassard, “Quantum cryptography: Public
key distribution and coin tossing,” Proc. IEEE Int. Conf.
Computers, Systems and Signal Processing (1984), 175—
179.

[7] H. Kim et al., “Quantum machine learning: A survey,” IEEE
Access, 7 (2019), 152191-152212. DOI:
10.1109/ACCESS.2019.2947702

[8] T. O’Shea and J. Hoydis, “An introduction to deep learning
for the physical layer,” IEEE Transactions on Cognitive

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.99, April 2026

Communications and Networking, 3(4) (2017), 563-575.
DOI: 10.1109/TCCN.2017.2758370

[91 A. Goldsmith, Wireless Communications, Cambridge
University Press, 2005. DOLIL:
10.1017/CB0O9780511841224

[10] Z. Zhang et al., “6G wireless networks: Vision,
requirements, architecture and key technologies,” IEEE
Vehicular Technology Magazine, 14(3) (2019), 28-41.
DOI: 10.1109/MVT.2019.2921208

[11] W. Saad et al., “A vision of 6G wireless systems,” IEEE
Network,  34(3)  (2020), 134-142.  DOL:
10.1109/MNET.001.1900287

[12] Y. Liu et al., “Reconfigurable intelligent surfaces:
Principles and opportunities,” IEEE Communications
Magazine, 57(2) (2019), 24-30. DOI:
10.1109/MCOM.2019.1800242

[13] L. Goodfellow, Y. Bengio and A. Courville, Deep Learning,
MIT Press, 2016. DOI: 10.7551/mitpress/10243.001.0001

[14] S. Haykin, “Cognitive radio: Brain-empowered wireless
communications,” IEEE Journal on Selected Areas in
Communications, 23(2) (2005), 201-220. DOI:
10.1109/JSAC.2004.839380

[15] L. Gyongyosi and S. Imre, “A survey on quantum
computing technology,” Computer Science Review, 31
(2019), 51-71. DOIL: 10.1016/j.cosrev.2018.11.002

[16] A. Peruzzo et al., “A variational eigenvalue solver on a
photonic quantum processor,” Nature Communications, 5
(2014), 4213. DOI: 10.1038/ncomms5213

[17] E. Farhi, J. Goldstone and S. Gutmann, “A quantum
approximate optimization algorithm,” arXiv:1411.4028
(2014).

[18] L. Grover, “A fast quantum mechanical algorithm for
database search,” Proc. ACM STOC (1996), 212-219.
DOI: 10.1145/237814.237866

[19] S. Verdu, Multiuser Detection, Cambridge University
Press, 1998. DOI: 10.1017/CB0O9780511815935

[20] M. Di Renzo et al., “Smart radio environments empowered
by  reconfigurable intelligent surfaces,” IEEE
Communications Magazine, 58(12) (2020), 56-62. DOI:
10.1109/MCOM.001.2000107

[21] K. Arulkumaran et al., “Deep reinforcement learning: A
brief survey,” IEEE Signal Processing Magazine, 34(6)
(2017), 26-38. DOI: 10.1109/MSP.2017.2743240

[22] P. Wittek, Quantum Machine Learning, Elsevier, 2014.
DOI: 10.1016/C2013-0-19186-0

[23] S. Schuld and F. Petruccione, Supervised Learning with
Quantum Computers, Springer, 2018. DOI: 10.1007/978-
3-319-96424-9

[24] J. Zhang et al, “Machine learning for wireless
communications in the Internet of Things,” IEEE Network,
33(5) (2019), 74-80. DOI: 10.1109/MNET.001.1800158

[25] M. Cerezo et al., “Variational quantum algorithms,” Nature
Reviews  Physics, 3  (2021), 625-644. DOLIL:
10.1038/542254-021-00348-9

[26] A. Elzanaty et al., “Machine learning approaches for THz
communications,” IEEE Communications Magazine,
58(11) (2020), 40—46. DOI: 10.1109/MCOM.001.2000069

32


https://doi.org/10.1017/CBO9780511976667

[27] X. You et al.,, “Towards 6G wireless communication
networks,” Science China Information Sciences, 64 (2021),
110301. DOI: 10.1007/s11432-020-2955-6

[28] D. Silver et al., “Mastering the game of Go with deep neural
networks and tree search,” Nature, 529 (2016), 484-489.
DOI: 10.1038/nature16961

[29] L. S. Muppirisetty et al., “Learning-based predictive
beamforming for mmWave communications,” IEEE
Transactions on Wireless Communications, 18(4) (2019),
2084-2099. DOI: 10.1109/TWC.2019.2892670

[30] A. Molisch et al., “Hybrid beamforming for massive
MIMO,” IEEE Communications Magazine, 55(9) (2017),
134-141. DOI: 10.1109/MCOM.2017.1600400

[31] R. Horodecki et al., “Quantum entanglement,” Reviews of
Modern Physics, 81(2) (2009), 865-942. DOLI:
10.1103/RevModPhys.81.865

[32] S. Chen et al., “Machine learning for wireless systems with
reconfigurable intelligent surfaces,” IEEE Wireless
Communications,  27(6)  (2020), 16-22. DOI:
10.1109/MWC.001.2000107

[33] M. Giordani et al., “Toward 6G networks: Use cases and
technologies,” IEEE Communications Magazine, 58(3)
(2020), 55-61. DOL: 10.1109/MCOM.001.1900411

[34] H. Ye, G. Li and B. Juang, “Power of deep learning for
channel estimation and signal detection,” IEEE Wireless
Communications Letters, 7(1) (2018), 114-117. DOI:
10.1109/LWC.2017.2757490

[35] L. Dai et al., “Artificial intelligence enabled wireless
communications,” IEEE Wireless Communications, 26(3)
(2019), 26-33. DOL: 10.1109/MWC.2019.1800376

[36] N. Nguyen et al., “Quantum annealing for wireless
optimization problems,” IEEE Access, 8 (2020), 213678—
213691. DOI: 10.1109/ACCESS.2020.3040054

[37] A. Orus et al., “Quantum computing for finance: Overview
and prospects,” Reviews in Physics, 4 (2019), 100028.
DOI: 10.1016/j.revip.2019.100028

[JCA™ : www.ijcaonline.org

International Journal of Computer Applications (0975 — 8887)
Volume 187 — No.99, April 2026

[38] H. Huang et al., “Deep learning-based millimetre wave
massive MIMO for hybrid precoding,” IEEE Transactions
on Vehicular Technology, 68(3) (2019), 3027-3032. DOLI:
10.1109/TVT.2019.2899498

[39] S. Dang et al., “What should 6G be?” Nature Electronics, 3
(2020), 20-29. DOI: 10.1038/s41928-019-0355-6

[40] J. Biamonte et al., “Quantum machine learning,” Nature,
549 (2017), 195-202. DOI: 10.1038/nature23474

[41] A. Zappone, M. Di Renzo and M. Debbah, “Wireless
networks design in the era of deep learning,” IEEE
Transactions on Communications, 67(10) (2019), 7331-
7376. DOL: 10.1109/TCOMM.2019.2916557

[42]P. Yang et al., “Deep reinforcement learning based resource
allocation for wireless networks,” IEEE Transactions on
Vehicular Technology, 69(9) (2020), 10223-10238. DOI:
10.1109/TVT.2020.3009379

[43] L. Chen et al., “Deep learning based intelligent inter-cell
interference coordination,” IEEE Wireless
Communications, 26(3) (2019), 104-110. DOI:
10.1109/MWC.2019.1800392

[44] S. Pirandola et al., “Advances in quantum cryptography,”
Advances in Optics and Photonics, 12(4) (2020), 1012—
1236. DOI: 10.1364/A0P.361502

[45] F. Boccardi et al., “Five disruptive technology directions
for 5G,” IEEE Communications Magazine, 52(2) (2014),
74-80. DOI: 10.1109/MCOM.2014.6736746

[46] L. Dai et al., “A survey of non-orthogonal multiple access
for 5G,” IEEE Communications Surveys & Tutorials, 20(3)
(2018), 2294-2323.DO1:10.1109/COMST.2018.2835558

[47] S. Boyd and L. Vandenberghe, Convex Optimization,
Cambridge University Press, 2004. DOLI:
10.1017/CB0O9780511804441

[48] A. Cacciapuoti, M. Caleffi and L. Hanzo, “When
entanglement meets classical communications: Quantum
assisted networks,” IEEE Communications Magazine,
58(9) (2020), 88-93. DOI: 10.1109/MCOM.001.2000038

33



