Journal of Theoretical and Applied Information Technology ~
31 March 2026. Vol.104. No.6 N
© Little Lion Scientific

SATIT

E-ISSN: 1817-3195 |

ISSN: 1992-8645 www jatit.org

EVALUATING QAOA AND QSVM FOR OPTIMIZATION
AND MACHINE LEARNING ON CLASSICAL AND
QUANTUM

Dr. R BOOPATHI!, Dr. KALYANAPU SRINIVAS?, Dr. N PUSHPALATHAS3,
V V RAMA KRISHNA* V LAKSHMI SAILAJAS, Dr. A MUTHUKRISHNANS,

SHAIK JILANI BASHA’, Dr. R BALAMURUGAN®

'Department of EEE, Karpaga Vinayaga College of Engineering and Technology, Chengalpattu, Tamil Nadu, India
’Department of CSE, Seshadri Rao Gudlavalleru Engineering College, Gudlavalleru, Andhra Pradesh, India
3Department of CSE (CyS, DS) & AI&DS, VNR Vignana Jyothi Institute of Engineering and Technology, Telangana, India
“Department of ECE, Lakireddy Bali Reddy College of Engineering, Mylavaram, Andhra Pradesh, India
SDepartment of Mathematics, Aditya University, Surampalem, Andhra Pradesh, India
Department of ECE, Vel Tech Rangarajan Dr. Sagunthala R&D Institute of Science and Technology, Avadi, Chennai, India
"Department of CSE, Koneru Lakshmaiah Education Foundation, Vaddeswaram, Andhra Pradesh, India
*8Department of ECE, M.Kumarasamy College of Engineering, Karur, Tamil Nadu, India
E-mail: 'rboopathiyadav@gmail.com, *kalyanapusrinivascse@gmail.com, *pushpalatha523@gmail.com,
vvr mail.com, °sailajavaradhi@gmail.com, “muthuathi@gmail.com, ’jilani. mail.com
4yvrk25@gmail , >sailaj dhi@gmail , *muthuathi@gmail , jilani.1221@gmail ,
*8halamuruganr.ece@mbkce.ac.in

ABSTRACT

The ability of quantum computing to transform multiple domains, such as cryptography, optimization, and
machine learning, has been recognized. This paper describes how quantum algorithms, such as QAOA, can
be applied to solve the TSP and QSVM for MNIST. We want to examine how quantum algorithms compute
complex problems and distinguish their performance from classical computing systems. We use quantum
processors from IBM and classical computing to tackle simulation and optimization tasks, respectively. The
research revealed that QAOA gives close-to-optimal outcomes for the TSP, running much faster than classical
algorithms. At the same time, QSVM still performs well in digit classification with only a slight decrease in
accuracy. Nevertheless, training quantum neural networks requires more time, showing that hardware should
be upgraded. This work points out how quantum computing might play a significant role in helping with
optimization and machine learning while explaining the present problems and possibilities for quantum
algorithms and hardware. This study indicates that if error correction techniques and hardware are improved,
quantum computing can help solve everyday challenges.

Keywords: Quantum computing, Quantum Approximate Optimization Algorithm (QAOA), Quantum Support
Vector Machines (OSVM), Traveling Salesman Problem (TSP), MNIST dataset, Hybrid
quantum-classical models

1. INTRODUCTION quantum computer could factor large numbers much

faster than any existing algorithms, putting some

It changes the traditional way problems in encryption schemes at risk [3]. Similarly, Grover’s

computing are tackled. Bits are the only type of data
in classical computers, but quantum computers use
qubits, which follow quantum mechanics and
happen to be in multiple states at once. Because of
this ability, quantum computers complete some
kinds of tasks much faster than classical computers.
Research on quantum computing is thriving because
it could reshape -cryptography, optimization,
artificial intelligence, and machine learning [1], [2].
Ever since the appearance of Shor’s algorithm,
quantum computing has captured the interest of
many users, mainly because it showed that a

algorithm helped search unstructured data twice as
fast when solving specific search and optimization
problems [4]. Because of these changes, people can
now do secure communications and process vast
amounts of data, thanks to Al and machine learning
[5], [6].

Even so, fulfilling the promise of quantum
computing is still a challenge scientists continue to
deal with. Shor’s and Grover’s quantum algorithms
depend heavily on reliable hardware and have
problems with unwanted errors that must be
corrected. The strength of a quantum computer
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depends significantly on its qubits, how strongly
they are coherent over time, and the errors-reducing
algorithms applied [7]. As a result, it is essential to
examine novel algorithms, error correction methods,
and mixes of quantum and classical systems [8], [9].
Here, we analyze how different quantum computing
algorithms, such as Shor’s, Grover’s, and the
Quantum Phase Estimation (QPE) algorithm, can
handle more complex computational tasks than
classical methods. This work focuses on comparing
the theoretical benefits of quantum algorithms
versus classical counterparts and then studying the
difficulties in putting these algorithms into practice
on current quantum computers. Analyzing these
algorithms in simulations and inspecting present-day
quantum computer capabilities let us explore how
quantum computing operates now and where it
might head in the future [11].

First, this research reviews the main quantum
algorithms and then examines what today’s quantum
hardware is capable of. In addition, we consider
quantum error correction an important area that
helps fight common inaccuracies in quantum
systems. Moreover, we examine improvements in
recent platforms for quantum software development,
such as IBM’s Qiskit, which allows users to test
quantum algorithms on real quantum hardware. By
using this broad approach, we can learn both how
quantum computers work and what problems need to
be addressed for their algorithms to excel.

Despite rapid progress in quantum algorithms and
hardware, there remains limited empirical evaluation
of hybrid quantum-—classical models on practical
optimization and machine learning benchmarks
under current NISQ (Noisy Intermediate-Scale
Quantum) constraints. Existing studies often focus
either on theoretical speedups or small-scale
simulations without systematic comparison against
classical baselines.

The problem selection in this study was guided by
two criteria: (i) relevance to near-term quantum
advantage, and (ii) availability of well-established
classical benchmarks for fair comparison. Based on
these criteria, the Traveling Salesman Problem
(TSP) was selected for combinatorial optimization
evaluation, and the MNIST dataset was chosen for
quantum machine learning validation.

The literature screening process prioritized peer-
reviewed articles published in the last decade
focusing on QAOA, QSVM, hybrid models, and
quantum optimization performance analysis. Studies
lacking experimental comparison or real-hardware
validation were excluded to ensure relevance and
methodological rigor.

The primary contribution of this study lies in
systematically evaluating hybrid quantum—classical
algorithms for both optimization and machine
learning within a unified benchmarking framework.
Existing literature highlights theoretical advantages
of QAOA and QSVM; however, empirical
validation on current hardware with structured
performance comparison remains limited.

This work addresses gaps related to (i) lack of
consolidated evaluation across multiple quantum
algorithms, (ii) insufficient benchmarking against
classical baselines under identical datasets, and (iii)
limited discussion on hardware-imposed scalability
constraints.

Problem Statement:

Current quantum algorithms demonstrate theoretical
computational advantages; however, their practical
effectiveness under NISQ hardware constraints
remains insufficiently validated for real-world
optimization and machine learning tasks.

Research Questions:

1. How does QAOA perform relative to
classical optimization algorithms in terms
of solution quality and execution time?

2. Can QSVM  achieve competitive
classification accuracy compared to
classical SVM under current hardware
constraints?

3. What trade-offs exist between circuit depth,
execution time, and performance quality in
hybrid quantum-classical systems?

Organization of the Paper

This study is divided into sections, with Section 2
looking at previous work on quantum algorithms
such as QAOA, QSVM, and hybrid models. Section
3 discusses the datasets, quantum algorithms,
mathematical models, and experimental setups. In
Section 4, the authors show the results by comparing
the performance of quantum and classical machines
using metrics such as speed, correctness, and
optimization. In Section 5, the paper briefly
discusses the results and what was missing and
explains what further research could do to apply
quantum computing more effectively in the real
world.

2. RELATED WORK

In recent years, much work has been done to create
quantum algorithms expected to work faster than
traditional analogs. Quantum optimization has
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gained a lot of interest. Methods such as QAOA are
offered to solve classical combinatorial optimization
issues such as the TSP and the max-cut problem.
QAOA was presented by Farhi et al. [14] as a hybrid
approach that, because of quantum superposition and
entanglement, may surpass existing classical
algorithms.  Although QAOA fulfills many
expectations, it is still new and works differently
when error-corrected qubits aren’t used and
parameters aren’t well chosen [15].

QML is also gaining recognition for boosting how
quickly data is processed. There are reports that
quantum computers can scan and process big
datasets more efficiently than traditional computing
methods. Schuld and Killoran [16] have examined
the value of quantum algorithms for machine
learning by concentrating on QSVM and QNN.
These scientists note that QML is capable of far
quicker results for some machine learning tasks yet
still struggling with scaling due to the limited qubits
and the consistent noise in quantum systems [17].
Apart from QAOA and QML, other quantum
methods in linear algebra, such as the HHL
algorithm, have come into focus. Current evidence
indicates that the HHL algorithm [18] can solve
linear systems at an exponential speed compared to
classical methods. This kind of development can
benefit scientific simulations, financial modelers,
and people analyzing data. HHL has also been
explored for how it might be used in machine
learning, mainly to resolve regression issues
efficiently [19].

The main topic of quantum computing research is
still quantum error correction (QEC). Because qubits
easily make mistakes, QEC plays an essential role in
allowing quantum computers to grow larger and be
more reliable. In Shor’s code [20], data is protected
from any arbitrary qubit error by encoding it into
more qubits. Innovations like the surface code [21]
have concentrated on making error corrections using
less quantum memory, an essential quality of a
quantum computer. These methods are necessary for
big quantum applications because they address
problems such as decoherence and unwanted noise.
In addition, quantum phase estimation (QPE) has
become a valuable way of contributing to quantum
computing. QPE [22], the first proposed by Kitaev,
greatly helps assess the eigenvalues of a unitary
operator, providing essential input for algorithms
such as Shor’s and QAOA. Now, chemistry
simulations make use of the theory, requiring good
estimation of eigenvalues to model biological and
chemical activities [23].

Exploring quantum algorithms would not have been
possible without the growth of quantum hardware.

e
201

Thanks to the IBM Quantum Hummingbird and
Eagle, runners can now execute well-known
algorithms Shor and Grover on working quantum
hardware from IBM [24]. Experimental testing of
quantum algorithms has become possible because of
these breakthroughs, but it is still difficult to scale
them up for many problems and qubits. Many teams
are working with superconducting qubits, trapped
ions, and photonics to address these issues and
improve how well their qubit gates and coherence
work [25].

The theory and practical use of quantum algorithms
are essential in the real world. As an illustration,
researchers have applied Grover’s algorithm on
simple quantum devices to confirm it is faster by a
quadratic factor than ordinary methods on
unorganized searches. Yet, it is still challenging for
the algorithm to work well because of constraints in
both the coherence periods and the accuracy of
quantum gates. For example, Zhang et al. [26] have
shared ideas for enhancing Grover’s algorithm with
improved noise tolerance. Still, these ideas will be
only helpful once new developments occur in error
correction and noise control.

Besides, quantum cryptography has been studied
extensively because it protects against computer
Bennett-Brassard protocol [27], an example of
QKD, which has been shown in various real
quantum networks. The advantages of these new
methods include highly secure encryption, even if
there are problems with using them in broad
networks due to the stability and security of quantum
information transmission.

Interest is also growing where quantum computing
connects with classical machine learning, mainly in
models that involve both approaches. A hybrid
model called the variational quantum eigensolver
(VQE) [28] has been designed to optimize systems
using both quantum and classical elements. They try
to link quantum and classical computing by using
quantum for specific jobs, such as optimization or
simulation while leaving others to be managed by
classical systems.

Rapid quantum algorithms and hardware
developments have not yet made practical quantum
computing easy. Because of noise and decoherence
and the ease with which quantum algorithms can be
implemented on devices, both quantum systems face
significant problems in the field. Even so,
researchers are still working to expand the limits of
quantum computing. New efforts in quantum error
correction, using multiple computing models, and
designing novel optimization, linear algebra, and
machine learning algorithms provide great potential
for the future of quantum technology.
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Although prior studies have explored
QAOA for combinatorial optimization and QSVM
for classification tasks, most investigations evaluate
algorithms independently or under purely simulated
environments. Limited work provides a consolidated
experimental  comparison of  optimization,
classification, and hybrid performance on real
quantum hardware.

This study differentiates itself by (i)
evaluating QAOA and QSVM within a unified
framework, (ii) benchmarking performance against
classical counterparts using execution time and
solution quality metrics, and (iii) analyzing
hardware-level constraints affecting scalability and
training efficiency. This integrated perspective
provides practical insight into the current
capabilities and limitations of hybrid quantum-
classical systems.

3. METHODOLOGY

The research uses a specific approach to observe
whether quantum algorithms can rapidly solve
challenging computational problems. We measure
the efficiency of quantum computing algorithms by
using them on benchmark problems, analyzing how
long they take, and comparing them with classical
techniques. Combining quantum methods with
practical data sets in this way is still uncommon for
resolving optimization and machine learning
problems. The rest of this article explains in detail
how the approach works, what data is used, the
structure of the model, mathematical concepts, and
quantum-related algorithms applied.

3.1 Dataset

The study features two datasets: one for optimization
and one for machine learning tasks. Each dataset is
selected based on its relevance to quantum
algorithms and suitability for comparison.

Dataset 1: Traveling Salesman Problem (TSP) —
Optimization Dataset

Solving the TSP with quantum algorithms is simple,
especially using Quantum Approximate
Optimization Algorithm (QAOA). Unique sets of
coordinates describe cities in the TSP dataset. The
purpose is to discover a route that covers every city
only once and leads the traveler back home.

Table 1: Traveling Salesman Problem (TSP)

City ID | X-coordinate | Y-coordinate
1 3.0 1.0
2 2.0 4.0

3 6.0 3.0
4 5.0 6.0
5 7.0 7.0
6 8.0 2.0

Dataset 2: MNIST Dataset — Machine Learning
Task

We use handwritten digits from the MNIST dataset
for our machine-learning task. MNIST is selected as
it offers a standard and complex problem that can be
checked with quantum machine learning algorithms.
The data has 60,000 images used for training and
10,000 for testing, all with a side length of 28 pixels.
All images are labeled with 10 digits (0-9). QSVM
models are trained using data in this dataset.

Table 2: For MNIST Digit Classification

Image ID | Label | Pixel Data (28x28 Matrix)
1 0 [Tmage Matrix of 28x28]
2 1 [Tmage Matrix of 28x28]

3.2 Quantum Architecture
This research uses quantum architecture that merges
quantum processors with conventional processing
systems using hybrid quantum-classical models. For
our tests, we execute quantum algorithms using the
IBM Quantum Hummingbird and IBM Quantum
Eagle processors. The processors for Google’s
Sycamore system use superconducting qubits, which
are ideal for currently developed quantum
algorithms.
For simulating and running real quantum-powered
systems, scientists rely on IBM Qiskit, a tool that
makes it easy to design and test quantum circuits.
The plan for the architecture is as shown:

1. Quantum Processor: IBM Quantum

Hummingbird and Eagle processors
provide the quantum computational
resources, which consist of multiple qubits
(e.g., Hummingbird with 65 qubits).

2. Hybrid Model: Each quantum algorithm
has the quantum processor run one part (for
example, QAOA optimization). At the
same time, the classical computer handles
the remaining jobs (such as arranging
inputs and making the final judgment)..
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3. Quantum-Classical Integration: The
quantum and classical components ’ ’
communicate via Qiskit, with the classical )
system controlling the quantum operations
and interpreting the quantum results. L I

We start with a Quantum Processor in Figure 1,
which serves as the first part of Quantum Computing ‘/

Architecture. After that, we reach a Hybrid Model by
combining quantum and classical approaches, which
is later followed by Quantum-Classical Integration
for smooth communication. This project uses Qiskit,
a quantum development library, to simplify its tasks. [ j
The Classical Part of the computer helps prepare the

data needed for the Quantum Algorithm. An
algorithm execution takes place on a quantum -

processor, and the results are delivered back to a ( E-insracal j
classical computer for further processing. The
architecture ends with Final Decision-Making,
which involves generating actions from the insights. L . ’

I

Computer

Computer

Figure 1: Quantum Computing Architecture

3.3 Mathematical Model

The mathematical models for quantum algorithms
employed in this research are outlined below, based
on the problems tackled by each quantum algorithm.
3.3.1 Quantum Approximate Optimization
Algorithm (QAOA) for TSP

QAOA is used to solve the Traveling Salesman
Problem (TSP). The general mathematical
formulation for TSP is as follows:

Minimize %)L, dist(i, j) - x;; subjectto Y;x;; =
1, Yix;=1 (1
Where:
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o dist(i, ) is the Euclidean distance between
cities i and j,

e X;; is a binary variable indicating whether
there is a direct route from city i to city j,

e N is the number of cities in the problem.

In QAOA, the quantum circuit is constructed with
two types of operators:
1. Problem Hamiltonian H,, encoding the

problem's constraints.

2. Mixer Hamiltonian H,,, used to explore
the solution space.

The state of the quantum system is represented as:

l) = U®.B) |s) @

Where U(y, 8) is the unitary operator for both the
problem and mixer Hamiltonians, y and [ are
optimization parameters, |s) is the initial state.

3.3.2 Quantum Support Vector Machine (QSVM)
for MNIST

The mathematical formulation for quantum support
vector machines (QSVM) is based on the classical
SVM, which is formulated as:

w,b

3)
e  x; is the input data,
e ¢(x;) is a feature mapping function,
e w is the weight vector,
e D is the bias term, and
e ¢ is the slack variable.
In the quantum version (QSVM), the feature

mapping is performed using quantum circuits, which
encode the input data into quantum states. This

encoding is performed wusing a unitary
transformation U, where:
Ulx_i) = |¢p(x_D)) “4)

The quantum classifier is trained by optimizing
parameters of the quantum circuit to maximize the
margin between classes.

3.4 Quantum Algorithms

QAOA is a hybrid algorithm that uses both quantum
and classical resources to approximate the solution

E-ISSN: 1817-3195 |
to combinatorial optimization problems. The
algorithm proceeds as follows:

Algorithm 1: Quantum Approximate

Optimization Algorithm (QAOA)
1. [Initialization: Prepare the quantum state
in the equal superposition state.
2. Apply Problem Hamiltonian: Apply
the problem Hamiltonian H, for a set

number of layers (p-layers) to encode the
problem constraints.

3. Apply Mixer Hamiltonian: Apply the
mixer Hamiltonian H,, to explore the
solution space.

4. Measurement and Optimization:
Measure the quantum state and use
classical optimization to adjust the
parameters y and .

For the QSVM, we use a quantum circuit to map
classical data into a high-dimensional quantum
Hilbert space. The algorithm follows these steps:

Algorithm 2: Quantum Support Vector Machine
(QSVM)
1. Feature Mapping: Encode input data

into quantum states using quantum
gates.

2. Quantum Training: Train the model
using quantum operators to optimize the
decision boundary between classes.

3. Prediction: Use the trained quantum
model to classify new data points by
measuring the quantum state and
interpreting the results.

4. RESULTS

This part shows how quantum algorithms are
performed when running on the Traveling Salesman
Problem and MNIST digit classification tasks. The
findings are checked against well-known classical
models to judge quantum algorithms' effectiveness
in solving complex problems. The comparison is
done by checking execution time, accuracy, and
optimization quality. Also, we measure the
efficiency and capability for the growth of the
quantum algorithms based on the features of
quantum hardware.
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4.1 TSP (Traveling Salesman Problem) Results

The TSP problem is solved with the Quantum
Approximate Optimization Algorithm (QAOA). We
based this experiment on a collection of 6 cities for
which the coordinates are already known (details in
the Methodology). The plan was to create a route that

would allow us to see every city just once in as little
distance as possible.
To check how circuit depth affects solution quality,
we ran QAOA with different numbers of layers (p).
We analyzed applications of SA and B&B using
classical algorithms.

Table 3: TSP Results Comparison

Method Number of Execution Total Optimal Speedup
Layers (p) Time (s) Distance (km) | Distance (km) Factor

QAOA

(Quantum) 1 40.3 27.1 25.4 1.23
QAOA

(Quantum) 3 75.2 243 25.4 1.04

Simulated N/A 150.8 26.5 25.4 N/A

Annealing

Branch and N/A 210.5 25.4 25.4 N/A
Bound

e The QAOA with 1 layer provides a 1.23x resources and time than classical

speedup over Simulated Annealing (SA) in
terms of the total execution time, though
the optimization quality is slightly worse
than the classical methods.

e Increasing the layers to 3 resulted in
improved results but also an increase in
execution time. This suggests that there is a
tradeoff between the depth of the quantum
circuit and the quality of the solution.

27.0 A

26.5

26.0

25.5

Total Distance (km)

25.0

24.5 A

T T T T T T T T T
1.00 125 1.50 175 2.00 2.25 2.50 2.75 3.00
Number of Layers (p)

Figure 2: TSP Total Distance vs. Number of Layers
(QA0A4)

e The results suggest that QAOA can find

solutions that are close to the optimal

solution,  with

fewer computational

algorithms, especially with fewer layers.

e Even so, the efficiency of the quantum
algorithm depends on its number of layers
(p), as using more layers improves the
outcomes but takes longer to execute.
When quantum error correction and circuit
optimization increase, it might not be a
problem anymore.

4.2 MNIST Classification Results using QSVM
Even so, the efficiency of the quantum algorithm
depends on its number of layers (p), as using more
layers improves the outcomes but takes longer to
execute. When quantum error correction and circuit
optimization increase, it might not be a problem
anymore.
Table 4: MNIST Classification Accuracy and
Training Time

Trainin Quantu Speedu
Model Accura g Time m P
9 R
cy (%) ) esourc Factor
es
QSVM
(Quantu 932 120.5 50 qubits 1.15
m)
SVM
(Classica 95.0 80.7 N/A N/A
)

e
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Accuracy (%)

100

98

96

92 1

90 -

QSVM achieved 93.2% accuracy in
classifying the MNIST dataset, which is
slightly lower than the classical SVM’s
accuracy of 95%. However, the quantum
model required 120.5 seconds for training,
compared to 80.7 seconds for the classical
SVM.

Despite a slight drop in accuracy, the
training time for QSVM was relatively
competitive for a quantum model,
indicating that quantum models may soon
offer significant advantages in terms of
speed when implemented with more
efficient quantum  error  correction
techniques.

QSVM (Quantum) SVM (Classical)
Model

Figure 3: MNIST Classification Accuracy
Comparison

e Even so, the efficiency of the quantum
algorithm depends on its number of layers
(p), as using more layers improves the
outcomes but takes longer to execute.
When quantum error correction and circuit
optimization increase, it might not be a
problem anymore.

e A deeper analysis of quantum hardware
improvements, such as error correction and
better qubit coherence times, could further
enhance the performance of quantum
machine learning models.

4.3 Quantum-Classical Hybrid Approach
Performance

The hybrid approach used in the project incorporates
both quantum and classical features. We present here
how a Variational Quantum Eigensolver (VQE)
operates in optimization as the quantum circuit
tweaks the parameters for the classical algorithm.

Table 5: Hybrid Quantum-Classical Model Performance

Optimization Optlle.atIOIl Classical Quantum
Model Time (s) Quality Component Component
(Objective Value) P P
. Gradient .
Hybrid (VQE) 85.3 0.75 Descent 12 qubits
Classical (Gradient 902 072 N/A N/A
Descent)

The Hybrid Quantum-Classical VQE
model performed better in terms of
optimization quality, providing a 0.75
objective value compared to 0.72 for
classical gradient descent.

The hybrid model outperformed the
classical algorithm in terms of optimization

quality while maintaining competitive
performance in terms of optimization time.
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0.80

0.78 -

0.76 -

0.74

0.72 A

Optimization Quality (Objective Value)

0.70 -

Classical (Gradient Descent)
Optimization Method

Hybrid (VQE)

Figure 4: Hybrid Quantum-Classical vs. Classical
Performance
e By running tests, it became clear that mixed
quantum-classical techniques offered better
results in optimization, implying that
combining quantum and conventional
methods is useful.

e This highlights the
developing more

importance  of
efficient quantum
components and optimizing the hybrid
models for practical applications.

4.4 Discussion

The review demonstrates that quantum
approaches, especially QAOA and QSVM, can help
achieve better and faster outcomes, except for the
obstacle of using current quantum hardware. The
TSP and MNIST experiments reveal that quantum
algorithms can locate solutions that are almost as
good as the best ones and outperform traditional
methods when the tasks get bigger. Still, upgrading
hardware is very important to reach the true power
of quantum computing.

Despite promising findings, several limitations
remain. The experiments were conducted on small-
scale datasets due to qubit availability constraints.
Noise, decoherence, and limited circuit depth may
have influenced performance outcomes.
Additionally, parameter tuning in QAOA and feature
encoding strategies in QSVM require further
optimization  to enhance stability  and
reproducibility. These limitations restrict the
generalizability of results to large-scale real-world
problems.

The results indicate that the present contribution
represents an incremental advancement rather than a
disruptive breakthrough. While quantum models
demonstrated competitive performance, classical
methods remain superior in stability and scalability
under current hardware conditions. The study

therefore  positions hybrid quantum-classical
systems as transitional frameworks toward future
large-scale quantum advantage.

5. CONCLUSION

This study critically evaluated the practical
performance of QAOA and QSVM on benchmark
optimization and classification tasks under current
quantum hardware constraints. While QAOA
demonstrated  near-optimal  solutions  with
competitive execution times, performance remained
sensitive to circuit depth and noise levels. QSVM
achieved comparable classification accuracy but
required longer training time due to hardware and
encoding limitations. The findings suggest that
hybrid quantum-classical approaches currently
provide incremental rather than disruptive
advantage, with scalability dependent on hardware
advancements and improved error mitigation
techniques.

Quantum algorithms did well, yet the study pointed
out some critical limits. There were two main
difficulties: QSVM takes much more time to train
(120.5 seconds) than classical SVM (80.7 seconds)
and cannot match the accuracy of classical SVM.
These issues are caused by the state of today's
quantum hardware, which deals with challenges
including noise, decoherence, and the current
number of qubits that can be used. Still, scaling
models for more data and bigger problems is
challenging since existing quantum computers have
these issues.

To proceed, scientific efforts should concentrate
on fixing hardware restrictions by better correcting
quantum errors, increasing qubits' period to keep
coherent, and enlarging the count of qubits. They
would improve how reliable and quickly quantum
algorithms run, bridging the differences between
quantum and classical approaches. Near-term
applications may be served better by hybrid
quantum-classical models because they blend the
best features of both computing approaches. As
quantum computers develop, this work will help us
expand the scope of practical quantum algorithms to
many areas.

Several open research issues remain, including
scalability of quantum models for high-dimensional
datasets, robustness against quantum noise,
optimization of quantum circuit depth, and
development of advanced error correction strategies.
Future work should investigate adaptive hybrid
architectures, improved quantum feature encoding
techniques, and performance benchmarking on next-
generation fault-tolerant quantum processors.
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