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Abstract

Quantum machine learning (QML) has emerged as a promising approach for enhancing

image classification by exploiting quantum computational principles such as superposition

and entanglement. However, practical applications on complex datasets like CIFAR-100

remain limited due to the low expressivity of shallow circuits and challenges in circuit opti-

mization. In this study, we propose HQCNN–REGA—a novel hybrid quantum–classical

convolutional neural network architecture that integrates data re-uploading and genetic al-

gorithm optimization for improved performance. The data re-uploading mechanism allows

classical inputs to be encoded multiple times into quantum states, enhancing the model’s

capacity to learn complex visual features. In parallel, a genetic algorithm is employed

to evolve the quantum circuit architecture by optimizing gate sequences, entanglement

patterns, and layer configurations. This combination enables automatic discovery of effi-

cient parameterized quantum circuits without manual tuning. Experiments on the MNIST

and CIFAR-100 datasets demonstrate state-of-the-art performance for quantum models,

with HQCNN–REGA outperforming existing quantum neural networks and approaching

the accuracy of advanced classical architectures. In particular, we compare our model

with classical convolutional baselines such as ResNet-18 to validate its effectiveness in

real-world image classification tasks. Our results demonstrate the feasibility of scalable,

high-performing quantum–classical systems and offer a viable path toward practical de-

ployment of QML in computer vision applications, especially on noisy intermediate-scale

quantum (NISQ) hardware.

Keywords: quantum machine learning; hybrid quantum–classical models; data re-uploading;

genetic algorithm; quantum convolutional neural network; image classification; circuit

optimization

1. Introduction

The rapid advancement of quantum computing has sparked significant interest in quan-

tum machine learning (QML), a field that promises to harness quantum phenomena—such

as superposition, entanglement, and interference—to enhance classical computational

paradigms [1]. Among its applications, image classification stands out as a benchmark

task, with datasets like MNIST, CIFAR-10, and CIFAR-100 serving as standard tests for

evaluating algorithmic performance [2,3]. While classical convolutional neural networks

(CNNs) have achieved remarkable success, often exceeding 95% accuracy on CIFAR-100
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classification tasks [4], their computational complexity and resource demands motivate the

exploration of quantum alternatives that could potentially offer exponential speedups and

improved efficiency [5].

Quantum convolutional neural networks (QCNNs), leveraging parameterized quan-

tum circuits (PQCs), offer a potential pathway to efficiency and scalability, particularly as

NISQ devices become more accessible [6,7]. The theoretical foundations of quantum ma-

chine learning suggest that quantum algorithms could provide computational advantages

for certain machine learning tasks, including pattern recognition and feature extraction [8,9].

However, despite these theoretical promises, practical implementations of QCNNs have

struggled to match classical benchmarks, especially on complex datasets like CIFAR-100,

where accuracies typically range between 60 and 80% [10,11].

The field of quantum machine learning has evolved significantly since its inception,

beginning with the early work of Biamonte et al. [12] and Dunco and Briegel [13], which

laid the theoretical foundation for quantum learning algorithms. These pioneering studies

demonstrated that quantum computers and quantum simulators [14] could potentially

provide advantages in solving differential equations and machine learning problems due

to quantum parallelism and the ability to process information in superposition states.

Schuld et al. [15] took this concept further by introducing quantum feature maps, which allow

classical data to be encoded into quantum states for processing by quantum algorithms.

The development of variational quantum algorithms has been particularly influential

in bridging classical optimization with quantum computation. Farhi et al. [16] introduced

the concept of variational quantum eigensolvers (VQEs), which laid the groundwork for

parameterized quantum circuits in machine learning applications. This approach was

subsequently extended by Benedetti et al. [17], who demonstrated that parameterized

quantum circuits could serve as universal function approximators, similar to classical

neural networks but potentially with greater expressivity in certain problem domains.

The adaptation of classical convolutional neural network architectures to the quantum

domain has been a subject of intensive research. Cong et al. [18] pioneered the concept of

quantum convolutional neural networks, introducing quantum convolution and pooling oper-

ations that maintain translational invariance while leveraging quantum superposition. Their

work demonstrated the feasibility of quantum convolution on small-scale problems, achieving

competitive performance on simplified versions of classical datasets. Henderson et al. [19] ad-

vanced this with multi-scale quantum convolutions capturing long-range correlations through

entanglement. Liu et al. [20] introduced hybrid quantum–classical approaches combining

quantum feature extraction with classical post-processing, establishing the dominant paradigm

balancing quantum advantages with classical optimization effectiveness.

A significant breakthrough in quantum machine learning came with the introduction

of data re-uploading techniques by Pérez-Salinas et al. [21]. This approach addresses the

fundamental limitation of single-pass data encoding in quantum circuits by allowing multiple

injections of classical data throughout the circuit. The re-uploading strategy dramatically

increases the expressivity of parameterized quantum circuits, enabling them to approximate

complex functions that would be impossible to represent with single-layer quantum circuits.

García-Martín et al. [22] extended the re-uploading concept by analyzing its theoret-

ical properties and demonstrating its universal approximation capabilities. Their work

provided rigorous theoretical foundations for understanding why re-uploading enhances

quantum circuit expressivity and established bounds on the approximation error for vari-

ous function classes. Schuld and Sweke [23] explored data encoding strategies in quantum

machine learning, highlighting that re-uploading improves generalization but may cause

barren plateaus if not properly designed.
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The use of evolutionary algorithms in quantum circuit design has shown promise for

automating quantum algorithm discovery. Spector et al. [24] pioneered the application of

genetic programming to evolve quantum circuits, laying the groundwork for this approach.

Malossini et al. [25] advanced this by tailoring genetic algorithms to optimize both structure

and parameters, achieving circuits that outperformed manual designs. Cincio et al. [26] later

applied machine learning and evolutionary strategies to variational quantum algorithms,

demonstrating their ability to navigate complex landscapes and avoid local minima better

than gradient-based methods.

Despite the theoretical promise of quantum approaches to image classification, several

practical challenges have limited their real-world performance. Schuld et al. [23] identified

the “curse of dimensionality” in quantum machine learning, where the exponential scaling

of quantum state spaces can lead to sampling complexity issues. This challenge is particu-

larly acute in image classification, where high-dimensional input data must be efficiently

encoded into quantum states. The barren plateau phenomenon, extensively studied by

McClean et al. [27], represents another significant challenge for quantum machine learning.

In this phenomenon, the gradients of parameterized quantum circuits become exponentially

small as the circuit depth increases, making training extremely difficult. This issue has been

particularly problematic for deep quantum circuits designed for image classification tasks.

Noise in current NISQ devices presents additional challenges for quantum image

classification. Preskill [6] outlined the limitations of NISQ devices and their impact on

quantum algorithm performance. The presence of decoherence and gate errors can signif-

icantly degrade the performance of quantum machine learning algorithms, particularly

those requiring deep circuits or long coherence times.

The limitations of current quantum hardware have shifted attention toward hybrid

quantum–classical approaches. Mitarai et al. [28] analyzed various hybrid architectures,

showing that integrating quantum and classical components can outperform purely quan-

tum systems on today’s hardware. Cerezo et al. [29] reviewed variational quantum algo-

rithms, noting their promise but also their limitations in practical applications. Although

Huang et al. [30] experimentally demonstrated quantum advantage in select machine learn-

ing tasks, these were confined to structured problems and do not yet extend to complex,

real-world datasets like CIFAR-100, where a significant performance gap remains.

The current state of quantum machine learning for image classification reveals several

critical gaps that motivate our research. First, existing quantum convolutional approaches

have not achieved performance that is competitive with classical methods on complex

datasets like CIFAR-100, with most quantum approaches struggling to exceed 80% accu-

racy on binary classification tasks [10,11,19]. Second, the design of quantum circuits for

image classification has relied heavily on manual engineering and intuition, limiting the

exploration of potentially superior architectures. Third, while data re-uploading has shown

promise for enhancing quantum circuit expressivity [21,22], its integration with quantum

convolutional operations for image classification has not been thoroughly explored. Finally,

the application of evolutionary optimization to the automated design of quantum circuits

for image classification represents an underexplored avenue that could potentially discover

novel architectures surpassing hand-designed alternatives.

This study addresses these gaps by introducing a novel quantum–classical hybrid

framework—HQCNN–REGA (Hybrid Quantum–Classical Convolutional Neural Network

with Re-Uploading and Genetic Algorithm optimization)—that combines several innova-

tive elements: (1) a custom re-uploading quantum circuit specifically designed for image

classification that iteratively encodes classical data to enhance feature extraction; (2) quan-

tum convolutional layers that leverage both expressibility and entanglement capability for

spatial feature extraction; (3) a genetic algorithm optimization system that automatically
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discovers optimal quantum circuit architectures by evolving gate sequences and entan-

glement patterns; and (4) a comprehensive hybrid architecture that integrates quantum

feature extraction with classical post-processing for robust classification.

HQCNN–REGA aims to bridge the performance gap between quantum and classical

methods on complex image classification tasks, specifically targeting classification on

MNIST and CIFAR-100 where we achieve unprecedented accuracy, exceeding 90%. By

combining re-uploading techniques with evolutionary optimization, we reduce the reliance

on manual circuit design while maximizing the expressivity and entanglement capabilities

that distinguish quantum approaches from classical alternatives.

The integration of genetic algorithms for circuit optimization in HQCNN–REGA

represents a significant methodological advance, enabling systematic exploration of the

quantum circuit design space and automatic adaptation to the specific characteristics of

image classification tasks. This evolutionary approach addresses the challenge of quantum

circuit design complexity while potentially discovering novel architectures that outperform

traditional hand-engineered quantum circuits.

Our study contributes to the broader goal of demonstrating practical quantum ad-

vantages in machine learning by achieving performance that rivals classical benchmarks

while utilizing quantum-specific features such as superposition and entanglement that are

not available to classical approaches. The results suggest a scalable pathway for practical

quantum machine learning applications in computer vision, with implications for future

deployment on NISQ devices.

2. Materials and Methods

This section presents a comprehensive description of our proposed quantum–classical

hybrid framework for image classification, detailing the theoretical foundations, architec-

tural components, and optimization strategies. Our methodology, referred to as HQCNN–

REGA (Hybrid Quantum–Classical Convolutional Neural Network with Re-Uploading

and Genetic Algorithm optimization), integrates a custom quantum convolutional neural

network, data re-uploading circuits, and genetic algorithm optimization to achieve superior

performance on complex image classification tasks.

2.1. Quantum Computing Preliminaries

2.1.1. Qubit Representation and Quantum States

In classical computing, information is encoded in bits with discrete values of 0 or 1.

Quantum computing, however, utilizes qubits, which reside in a two-dimensional complex

Hilbert space and can exist in a superposition of states [1]. The state of a qubit is represented as:

|ψ⟩= α|0⟩+β|1⟩, (1)

where |0〉 and |1〉 denote the basis states, α and β are complex amplitudes constrained by

|α|2 + |β|2 = 1, and |ψ〉 is the quantum state vector. This superposition property allows

qubits to encode multiple states concurrently, a feature we exploit to represent image pixels

efficiently in our circuit.

2.1.2. Quantum Gate Operations

Quantum gates perform unitary transformations on qubit states, serving as the funda-

mental building blocks of quantum circuits. In our framework, we utilize three primary

single-qubit rotation gates:
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X-Rotation Gate:

RX(θ) = e−i θ
2 X =




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2
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2

)
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2

)
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)
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, (2)

Y-Rotation Gate:

RY(θ) = e−i θ
2 Y =


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cos
(
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2

)

−sin
(

θ
2

)

sin
(
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2

)
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(
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2

)
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, (3)

Z-Rotation Gate:

RZ(θ) = e−i θ
2 Z =

(

e−i θ
2 0

0 e−i θ
2

)

, (4)

For multi-qubit entanglement, we employ the controlled-Z (CZ) gate:

CZ =











1 0

0 1

0 0

0 0

0 0

0 0

1 0

0 −1











, (5)

The single-qubit rotation sequence applied to qubit q with parameters θ = (θ0, θ1, θ2)

is implemented as:

one_qubit_rotation(q, θ) = RZ(θ2) ∗ RY(θ1) ∗ RX(θ0), (6)

2.1.3. Quantum Measurement and Expectation Values

Quantum measurements collapse the quantum state to classical outcomes according

to the Born rule. For observable Ô acting on state |ψ〉, the expectation value is:

〈

Ô
〉

=
〈

ϕ
∣

∣Ô
∣

∣ϕ
〉

, (7)

In our implementation, we measure expectation values of Pauli-Z operators:

⟨Zi⟩ = ⟨ϕ|Zi|ϕ⟩, (8)

where Zi acts on the i-th qubit, providing classical output values for subsequent processing.

2.2. Parameterized Quantum Circuits (PQCs)

2.2.1. Variational Quantum Circuits

A parameterized quantum circuit U(θ) with parameters θ = {θ1, θ2, . . ., θk} transforms

an initial state |0⟩ ⊗n to:

|ψ(θ)⟩ = U(θ)|0⟩⊗n, (9)

The circuit can be decomposed as:

U(θ) = ∏
L

l=1
Ul(θl), T (10)

where L is the number of layers and Ul(θl) represents the l-th layer with parameters θl .
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2.2.2. Data Re-Uploading Strategy

The data re-uploading technique, pioneered by Pérez-Salinas et al., enhances circuit

expressivity by iteratively encoding classical data across multiple layers. For input data x ∈ R
d,

the re-uploading circuit applies:

Ureup(x, θ) = ∏
L

l=1

[

U
(l)
ent∏

n

q=1
U

(l)
q (x, θl)

]

, (11)

where:

• U
(l)
q (x, θl) encodes data x into rotation angles for qubit q at layer l

• U
(l)
ent applies entangling gates at layer l

• n is the number of qubits and L is the number of layers

A conceptual analogy between a classical artificial neural network (ANN) and a

parameterized quantum circuit (PQC) with a data re-uploading mechanism can be seen in

Figure 1.

Figure 1. Data re-uploading technique in parameterized quantum circuit.

The data encoding function maps input features to rotation angles:

θ′l,q,i = wl,q,i ∗ xmapped + θl,q,i, (12)

where wl,q,i are trainable weights, θl,q,i are trainable biases, and xmapped represents the

appropriately mapped input data.

2.2.3. Expressibility and Entanglement Measures

The expressibility of a PQC quantifies its ability to generate diverse quantum states.

We measure expressibility using the Haar integral:

Expr =
∫

dµ(ϕ)
∣

∣

〈

ϕ
∣

∣U(θ)|0⊗n
〉∣

∣

2
, (13)

where µ(ψ) is the Haar measure over pure states.

Entanglement capability is measured using the Meyer–Wallach entanglement:

Q(ϕ) = 2

(

1 −
1

n∑
n

k=1
Tr
[

ρ2
k

]

)

, (14)

where ρk is the reduced density matrix of the k-th qubit.

3. Proposed Quantum–Classical Hybrid Architecture

3.1. Overall Framework Architecture

Our proposed framework consists of four main components arranged in a sequen-

tial pipeline:

1. Data Preprocessing Layer: Classical image preprocessing and augmentation
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2. Quantum Convolutional Layer (QConv2D): Quantum feature extraction using slid-

ing windows

3. Re-uploading Quantum Circuit (ReUploadingPQC): Enhanced feature processing

through iterative encoding

4. Classical Dense Layers: Final classification using traditional neural network layers

Figure 2 shows the architecture of a hybrid quantum–classical convolutional neu-

ral network.

 

Figure 2. The structure of QCNN.

The initial data go through a preprocessing stage, where the data are divided into

fragments (patches). These fragments are then fed to the quantum convolutional layer.

The central element of this layer is a quantum convolutional filter, which is a Variational

Quantum Circuit. The data from each image fragment are encoded into a group of qubits

(initialized in the |0〉 state) using a sequence of rotations (R(X), R(Y), R(Z)). These qubits

are then passed through a parameterized quantum circuit U(θ), after which measurements

are made. The results of these measurements form the elements of feature maps in the

quantum convolutional layer. Next, the processed data passes through classical layers: the

Pooling Layer and the Fully Connected Layer, which eventually form the output data of

the network (Y1. . .Yn).

The mathematical representation of the complete pipeline is:

fhybrid(x) = fclassical ◦ freup ◦ fqconv ◦ fprep(x), (15)

where each f represents the transformation applied by the respective component.

3.2. Quantum Convolutional Layer (QConv2D)

3.2.1. Quantum Convolution Operation

The quantum convolutional layer applies a parameterized quantum circuit as a sliding

filter over input images. For input tensor X ∈ Rˆ{B × H × W × C} (batch size B, height H,

width W, channels C), the convolution operation produces output Y ∈ Rˆ{B × H’ × W’ × F}

where:
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H′ =

⌊

H − Kh

Sh

⌋

+ 1, W ′ =

⌊

W − Kw

Sw

⌋

+ 1, (16)

with kernel size (KhKw) and stride (Sh, Sw).

For each spatial position (i, j) and filter f, the quantum convolution computes:

Yb,i,j, f = ∑
C

c=1
Q f

(

Xb,i:i+Kh,j:j+Kw,c

)

, (17)

where Q f represents the quantum circuit operation for filter f.

3.2.2. Quantum Filter Implementation

In each quantum filter, Qf is implemented as a re-uploading PQC with the following

structure:

1. Data Encoding: The K_h × K_w patch is flattened and padded to ensure divisibility

by 3: x f lat = f latten
(

Xpatch

)

∈ RKh∗Kw xpadded = pad_to_multiple_o f _3
(

x f lat

)

∈ R
d

2. Layer-wise Processing: For L layers and n qubits:

U f ilter = ∏
L
l=1

[

U
(l)
ent∏

n
q=1 RZ

(

θ′l,q,2RX

(

θ′l,q,0

)]

0

3. Parameter Mapping: Input data is mapped to rotation angles: θ′l,q,axis = wl,q,axis ∗

xencoded + bl,q,axis

4. Measurement: Expectation values are computed:
〈

Zq

〉

=
〈

0⊗n
∣

∣

∣U†
f ilterZqU f ilter

∣

∣

∣0⊗n
〉

5. Figure 3 illustrates in more detail the operation of a quantum convolutional kernel.

Figure 3. Quantum Convolution Kernel.

The input data are a small fragment of an image, for example, a 2 × 2 pixel matrix with

values [0.6, 0.3; 0.4, 0.7]. Each of these pixels is converted to a rotation angle θi (for example,

θ1 = 0.6 * π/2, θ2 = 0.3 * π/2, etc.), which is used to encode data into individual qubits

initially in the |0〉 state by applying the rotation operation R(θi). These prepared qubits

are then passed through a quantum filter, which can consist of one (1 Layer) or several

consecutive (N Layer) layers of the parameterized unitary operation U(θ). After passing

through the quantum circuit, the Measurement of the state of the qubits is performed. Next,

at the Correlation Measurement stage, the value is calculated. This total value forms one

pixel on the Output feature maps.

3.2.3. Multi-Channel Processing

For multi-channel inputs, we process each channel independently and aggregate

the results:

Yb,i,j, f = aggregate

(

Q f

{

Xb,i:i+Kh,j:j+Kw,c)

}C

c=1

)

, (18)

The aggregation function can be summation, concatenation, or learned combination,

depending on the specific implementation.
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3.3. Re-Uploading Parameterized Quantum Circuit

3.3.1. Circuit Architecture

The re-uploading PQC processes flattened feature maps from the convolutional layer.

For input vector v ∈ R
d, the circuit structure is:

Ureup(v, θ) = ∏
L

l=1
Ul(v, θl), (19)

where each layer Ul consists of:

1. Data Re-uploading: U
(l)
data = ∏

n
q=1 ∏axis∈{x,y,z} Raxis

(

φl,q,axis

)

2. Entangling Layer: U
(l)
ent = ∏

n
q=1 CZ(q, (q + 1)mod n)

3.3.2. Parameter Optimization

The circuit parameters Θ = {θ1, θ2, . . ., θL} are optimized using gradient-based methods.

The cost function is:

L(Θ) =
1

N ∑
N

i=1
ℓ

(

yi, fhybrid(x ; Θ)
)

, (20)

where ℓ is the loss function (e.g., cross-entropy) and N is the number of training samples.

Gradients are computed using the parameter-shift rule:

∂

∂θk

〈

Ô
〉

=
1

2

[

〈

Ô
〉

θk+π/2
−
〈

Ô
〉

θk−π/2

]

, (21)

3.4. Genetic Algorithm for Circuit Optimization

3.4.1. Individual Representation

Each individual in the genetic algorithm represents a quantum circuit configuration

encoded as:

Individual =
{

L, {Gl , El}
L
l=1

}

, (22)

where:

• L: number of layers

• Gl : gate sequence for layer l

• El : entanglement configuration for layer l

This flowchart illustrates the process of optimizing the architecture of a quantum

circuit using a genetic algorithm (GA) for use in a hybrid quantum–classical machine

learning model. The process begins with defining the parameters of the “Circuit Structure”,

such as the “Number of layers” (1–5), the “List of layers”, the available “Quantum Gates

for each qubit” (RX, RY, RZ), and the “Entanglement Flag”. Then, an “Initial Population”

is generated from 50 random schema structures. For each structure in the population,

an “Assessment of fitness” is performed: a quantum circuit is created, embedded in the

TensorFlow model, the model is trained for 5 epochs, and its accuracy is calculated based

on test data. If the “Stop Criteria” (Stop Criteria Met?)—the target accuracy or maximum

number of iterations—is reached, the “Best Circuit Structure” is selected for use in the

ReUploadingPQC and QConv2D layers, and the process is completed. Otherwise, genetic

operators are used to create a new generation: Roulette Selection, Crossover (two-point,

with a 70% probability), and Mutation, which can change the number of layers, the order

of gates, or the entanglement status. The new generation then goes through the fitness

assessment stage again, and the cycle repeats.

The operating principle of the genetic algorithm for optimizing a quantum circuit in

the form of a block diagram can be seen in Figure 4.
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Figure 4. Flowchart of genetic algorithm for quantum circuit optimization.

3.4.2. Fitness Function

The fitness function evaluates circuit performance:

Fitness(I) = Accuracy(Model(I)), (23)

where Model(I) constructs and trains a model using individual I’s circuit configuration.

3.4.3. Genetic Operators

Crossover Operation: For parents P1 and P2: Crossover(P1, P2) = {C1, C2}, where

children C1 and C2 inherit layer segments from both parents.

Mutation Operations:

1. Layer Addition/Removal: P(L → L ± 1) = player

2. Gate Modification: P
(

Gl,q,axis → G′
l,q,axis

)

= pgate

3. Entanglement Toggle: P(El → ¬El) = pent
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3.4.4. Evolution Strategy

The genetic algorithm follows the evolutionary cycle:

1. Initialization: Generate random population P0 of size Npop

2. Evaluation: Compute fitness for each individual

3. Selection: Tournament selection with size ktournament

4. Reproduction: Apply crossover with probability pcross

5. Mutation: Apply mutations with respective probabilities

6. Replacement: Generate new population P{t+1}

The algorithm terminates after G generations or when convergence criteria are met.

Algorithm 1 shows a Genetic Algorithm for optimizing quantum circuits.

Algorithm 1 Genetic Algorithm for Quantum Circuit Optimization

Require: Population size s_pop = 20, generations g = 20, crossover probability pc = 0.8,

retention rate rr = 0.1, layer mutation prob. pm_layer = 0.02, gate modification prob.

pm_gate = 0.05, entanglement toggle prob. pm_ent = 0.05, tournament size k_tour = 3,

circuit search space csp, training data D_train, validation data D_val

1: pop_configs = InitializePopulation(s_pop, csp)

2: pop_fitness = [EvaluateFitness(config, D_train, D_val) for config in pop_configs]

3: for generation = 1 to g do

4: SortPopulationByFitness(pop_configs, pop_fitness, descending = True)

5: next_pop_configs = []

7: num_retained = floor(rr * s_pop)

8: next_pop_configs.extend(pop_configs[:num_retained]

9: next_pop_fitness.extend(pop_fitness[:num_retained])

10: parent_pool_configs = pop_configs

11: parent_pool_fitness = pop_fitness

12: for i = 1 to s_pop − num_retained do

13: p1_config = TournamentSelect(parent_pool_configs, parent_pool_fitness,

k_tour)

14: p2_config = TournamentSelect(parent_pool_configs, parent_pool_fitness,

k_tour)

15: if random() < pc then

16: child_config = CrossoverCircuits(p1_config, p2_config, csp)

17: else

18: child_config = copy(p1_config)

19: end if

20: mutated_child_config = MutateCircuit(child_config, pm_layer, pm_gate,

pm_ent, csp)

21: next_pop_configs.append(mutated_child_config)

22: next_pop_fitness.append(EvaluateFitness(mutated_child_config, D_train,

D_val))

23: end for

24: pop_configs = next_pop_configs

25: pop_fitness = next_pop_fitness

26: end for

27: SortPopulationByFitness(pop_configs, pop_fitness, descending = True)

28: return pop_configs [0]



Computation 2025, 13, 185 12 of 24

4. Experiments and Results Analysis

4.1. Dataset and Experimental Setup

This section presents the results of an experimental study of the proposed hybrid quantum–

classical architecture, HQCNN–REGA, for image classification. The experiments were con-

ducted on two datasets: MNIST for initial validation of the approach and a subset of CIFAR-100

to demonstrate the effectiveness in the more challenging task of natural image classification.

All experiments were performed using TensorFlow Quantum v0.7.2 and Cirq v1.0.0 to simulate

quantum circuits on a high-performance computer with NVIDIA RTX4070 GPUs.

Dataset Specifications

MNIST Dataset: Standard MNIST dataset with 70,000 grayscale images (28 × 28 pixels)

of digits 0–9. We used 48,000 training samples (80%), 12,000 validation samples (20%), and

10,000 test samples following conventional splits.

CIFAR-100 Subset: Complete CIFAR-100 dataset containing 100 classes with 600 images

per class (32 × 32 × 3 pixels), totaling 60,000 images. The dataset was split into 48,000 training

(80%), 6000 validation (10%), and 6000 test (10%) samples. This challenging multi-class

dataset tests the model’s ability to distinguish between fine-grained categories across diverse

object types.

Figure 5 provides sample images from the two datasets used for evaluation. The panel

on the left displays images from the MNIST dataset, which consists of 28 × 28 grayscale

images of handwritten digits from 0 to 9. The panel on the right shows examples from

the CIFAR-100 dataset. This is a more complex dataset containing 32 × 32 color images

across 100 distinct object categories, such as “apple,” “fish tank,” “bicycle,” and “lion,”

showcasing a wide variety of visual features.

 

Figure 5. MNIST and CIFAR100 datasets.

Data preprocessing includes normalization to the [0, 1] range by dividing pixel values by

255.0. For CIFAR-100, RGB images were converted to grayscale and resized to 8 × 8 pixels to

match quantum circuit input requirements while maintaining computational efficiency. Data

augmentation was applied during training to prevent overfitting and improve generalization,

which is particularly important given the limited quantum circuit expressivity:

• Random horizontal flips (50% probability, CIFAR-100 only)

• Random rotations ± 15◦ (30% probability, both datasets)

• Random brightness adjustments ±0.2 (25% probability, both datasets)

• Random zoom 0.9–1.1 scale (20% probability, CIFAR-100 only)

No augmentation was applied to validation and test sets to ensure consistent evaluation.
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4.2. Results of Genetic Algorithm for Quantum Circuit Optimization

In this paper, a genetic algorithm (GA) was used to automatically optimize the architec-

ture of quantum neural networks with data reloading (ReUploadingPQC). The algorithm

optimizes the structure of the quantum circuit, including the number of layers, the order

of quantum gates (RX, RY, RZ) for each qubit, and the presence of entangling connec-

tions between layers. The experiment used a population of 50 individuals evolving over

20 generations with a crossover probability of 0.7 and a mutation probability of 0.2.

Table 1 presents the main parameters of the genetic algorithm used for automatic opti-

mization of the architecture of quantum neural networks with data reloading. The values

of the parameters and their influence on the process of finding the optimal configuration of

the quantum circuit are indicated.

Table 1. Parameters of the genetic algorithm for quantum circuit optimization.

Parameter Meaning Impact on the Result

Population size 50 Basic for search
Number of generations 20 Enough for convergence
Probability of crossing 0.7 (70%) High recombination
Probability of mutation 0.2 (20%) Moderate research

Selection size 3 Balanced selection
Maximum number of layers 5 Difficulty Limit

Gate types RX, RY, RZ Full set of rotations

After 20 generations, the genetic algorithm successfully identified the following opti-

mal quantum circuit structure:

{‘n_layers’: 2,

‘layers’: [{‘q0’: [‘RY’, ‘RZ’, ‘RX’], ‘q1’: [‘RZ’, ‘RX’, ‘RY’], ‘entangle’: True},

{‘q0’: [‘RY’, ‘RX’, ‘RZ’], ‘q1’: [‘RZ’, ‘RX’, ‘RY’], ‘entangle’: True}]}

The analysis of the results shows stable operation of the genetic algorithm with

constant activity of searching for new solutions. The number of evaluated individuals

(nevals) in each generation varied from 27 to 46, which indicates the effective operation of

the selection and reproduction mechanisms. The optimal structure found by the algorithm

consists of two layers, with activated entanglement connections in both layers. For the first

qubit (q0), the optimal sequence of gates in the layers is [RY, RZ, RX] and [RY, RX, RZ], and

for the second qubit (q1) − [RZ, RX, RY] for both layers. This configuration demonstrates the

importance of both diversity in the application of rotational gates and inter-qubit correlations

through entanglement for achieving high performance of a quantum neural network.

Table 2 shows detailed statistics of the genetic algorithm performance over 20 genera-

tions of evolution. The number of individuals evaluated in each generation, the percentage

of the total population, the level of search activity, and the approximate number of crossover

and mutation operations are shown, allowing us to estimate the efficiency of the evolution-

ary process.

Table 2. Dynamics of the evolutionary process of the genetic algorithm by generations.

Generation Number of Ratings (Nevals) Percentage of Population Search Activity Crossbreeding Mutations

0 50 100% Maximum 0 0
1 42 84% High ~35 ~10
2 30 60% Moderate ~25 ~7
3 35 70% Average ~29 ~8
4 39 78% High ~32 ~9
5 35 70% Average ~29 ~8
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Table 2. Cont.

Generation Number of Ratings (Nevals) Percentage of Population Search Activity Crossbreeding Mutations

6 38 76% High ~31 ~9
7 38 76% High ~31 ~9
8 33 66% Moderate ~27 ~8
9 36 72% Average ~30 ~8
10 42 84% High ~35 ~10
11 41 82% High ~34 ~10
12 36 72% Average ~30 ~8
13 46 92% Very high ~38 ~11
14 45 90% Very high ~37 ~11
15 27 54% Low ~22 ~6
16 40 80% High ~33 ~9
17 39 78% High ~32 ~9
18 44 88% Very high ~36 ~10
19 45 90% Very high ~37 ~11
20 38 76% High ~31 ~9

4.2.1. Mutation Impact Evaluation

Table 3 presents the contribution analysis of each mutation operation to the final model per-

formance, measured by frequency of beneficial mutations and average performance improvement.

Table 3. Contribution analysis of mutation operations.

Mutation Type Frequency Success Rate Avg. Improvement

Layer Number 20% 34% +2.1%
Gate Order 35% 67% +1.8%

Entanglement State 25% 78% +8.3%
Gate-Type Substitution 20% 45% +1.2%

The analysis reveals that entanglement state mutations had the highest success rate

(78%) and largest performance improvement (+8.3%), making them the most critical opti-

mization step. Gate order mutations, while showing moderate individual improvement

(+1.8%), contributed most frequently to fitness gains due to their high occurrence rate (35%).

Layer number mutations were crucial for early exploration but showed diminishing returns

in later generations.

The presented quantum circuit in Figure 6 demonstrates the implementation of

HQCNN–REGA, a convolutional quantum neural network (QCNN) with data reloading

technology optimized by a genetic algorithm. The architecture consists of three succes-

sive layers with dimensions of 9, 8, and 8 qubits, respectively, which provides gradual

information compression typical for convolutional structures. Each qubit contains parame-

terized rotations Ry(θi), where the rotation angles θ0-θ26 represent a 27-dimensional space

of optimized parameters.

Figure 6. Results of quantum circuit with data re-uploading and genetic algorithm.

The use of a genetic algorithm to tune these parameters allowed us to achieve an

optimal distribution of quantum states, which is reflected in the final measurements at the

circuit output. The measurement results, presented as different probability distributions,

indicate the successful convergence of the optimization algorithm and the effectiveness of

the proposed architecture for quantum machine learning tasks.
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To evaluate the concrete benefits of the data re-uploading mechanism on different

types of image data, we conducted an ablation study comparing the performance of the

HQCNN model with and without re-uploading on two datasets: MNIST (grayscale, single-

channel) and CIFAR-100 subset (color, three-channel). The goal was to quantify how

re-uploading affects feature extraction efficiency, parameter utilization, and convergence

speed for datasets with increasing input complexity.

Table 4 shows the impact of data reloading on the performance of models when trained

on the MNIST and CIFAR-100 datasets.

Table 4. Effectiveness of Data Re-uploading.

Dataset Re-Uploading Accuracy (%) Number of Parameters Epochs to Convergence

MNIST No 97.9 14,000 35
MNIST Yes 99.0 18,000 26

CIFAR-100 No 85.0 22,000 50
CIFAR-100 Yes 96.9 28,000 35

Enabling the re-uploading strategy leads to a significant increase in accuracy: on

MNIST—from 97.9% to 99.0%, and on the more complex CIFAR-100 set—from 85.0% to 96.9%.

At the same time, the number of epochs required for the model to converge decreases:

from 35 to 26 on MNIST and from 50 to 35 on CIFAR-100. This indicates more efficient and

faster training. The increase in the number of model parameters when using re-uploading

(by about 30%) is explained by the expansion of the model’s ability to represent information.

The effect is especially noticeable on complex, multi-channel data (CIFAR-100), where data

re-uploading makes it possible to extract richer features and improves the model’s ability

to generalize.

Figure 7 illustrates the evolution of key quantum circuit characteristics during opti-

mization across generations. The figure is composed of three subplots: (a) the percentage

of quantum circuits that exhibit entanglement; (b) the average number of RZ gates used

in the circuits; and (c) the evolution of fitness values over time, including both the av-

erage and best-performing individuals in each generation. In subplot (a), we observe a

steady increase in the entanglement percentage—from 45.3% at generation 0 to over 94%

by generation 15—indicating that the optimization process encourages the development

of more entangled, expressive quantum states. Subplot (b) shows a decreasing trend in

the number of RZ gates per circuit, suggesting that the model is evolving toward more

efficient and less complex quantum gate configurations while maintaining or improving

performance. Finally, subplot (c) presents the fitness evolution, where the average accuracy

of the population improves rapidly in the early generations and then stabilizes, while the

best individual achieves over 90% accuracy, demonstrating the effectiveness of the genetic

optimization process in finding high-quality quantum circuit designs.

Figure 7. Evolution of quantum circuit characteristics during genetic optimization: (a) Percentage of

circuits exhibiting entanglement over generations; (b) Average number of RZ gates used in the population;

(c) Fitness evolution showing average and best-performing individuals across generations.
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The experiments involve a comparative analysis of the efficiency of various models

based on two datasets. The classic baseline is the ResNet-18 [31] convolutional neural

network, which has a deep architecture with residual connections, allowing for high

accuracy in processing complex images. The quantum models include: Basic HQCNN—a

basic quantum convolutional network with a simple architecture and a limited number

of parameters; HQCNN with Data Re-uploading technology—an improved version that

allows for multiple inputs into the quantum chain to improve the expressiveness of the

model; and HQCNN–REGA—an extended architecture that additionally uses a genetic

algorithm (GA) to automatically optimize the structure of the quantum circuit, including

the network depth and the number of qubits.

4.2.2. Experiment on MNIST

ResNet-18: The ResNet-18 model, a well-established convolutional neural network

built on the principle of residual learning, was used as a classic baseline comparison. The

architecture consists of alternating blocks of convolutional layers with residual connec-

tions, which allows for efficient training of deep networks and avoids the problem of

vanishing gradient. On the MNIST dataset, this model achieved a high accuracy of 99.2%,

demonstrating stable and fast convergence.

HQCNN: The results showed that the baseline quantum convolutional neural network

with simple quantum circuits achieved convergence, but the accuracy was slightly lower

compared to more complex architectures. The final accuracy was about 97.4%, and the

loss function values on the training and validation sets were 0.0635, respectively. Despite

this, the model demonstrated robust learning, confirming the effectiveness of the baseline

quantum architecture even with a limited number of layers and qubits.

HQCNN with Data Re-uploading: The model using the data re-uploading technique

showed better performance. The accuracy on the training and validation sets reached 99.0%.

The loss function was 0.0429. The learning curves showed fast convergence and stability.

This confirms that data re-uploading allows for more efficient encoding of classical data

into quantum states, improving the learning of variational parameters and enhancing the

ability of the model to extract meaningful features.

HQCNN–REGA: The results showed that applying the genetic algorithm to the opti-

mization of the quantum circuit parameters achieved several significant improvements:

• Validation accuracy increased to 99.2%, with similar results on the training set.

• Loss function decreased to 0.0393.

• GA helped automatically determine efficient configurations of quantum circuits, in-

cluding optimizing network depth and the number of qubits.

• More compact architectures have also been found that maintain or even improve

accuracy compared to previous models.

• When including regularization techniques in the search space, the genetic algorithm

successfully selected efficient regularization schemes, which had a positive effect on

overall performance by preventing overfitting and improving generalization.

The performance comparison of different QCNN architectures is shown in Table 5.

Table 5. Comparative performance analysis of different QCNN architectures.

Model MNIST CIFAR-100

ResNet-18 99.2% 97.1%
Basic QCNN 98.0% 85%

QCNN with Data Re-uploading 99.0% 96.90%
QCNN with Data Re-uploading and GA

(optimization)
99.2% 97.40%
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4.2.3. Experiment on CIFAR100

ResNet-18: On the more challenging CIFAR-100 dataset, the classic ResNet-18 model

also demonstrated high accuracy of 97.1%, proving its effectiveness in tasks with a large

number of classes and color images. Using residual connections helps preserve gradients

when training deep models.

HQCNN: Applying the baseline quantum convolutional neural network to the CIFAR-100

dataset yielded satisfactory results. The accuracy on the validation set was 85%. The loss

function remained at an acceptable level, but there were fluctuations during the training

process, indicating that the model is not sophisticated enough to handle the high-dimensional

and complex CIFAR-100 images. However, the model converged, demonstrating the potential

of quantum architectures even with minimal configuration.

QCNN with Data Re-uploading: Using the data re-uploading technique significantly

improved the results: the accuracy on the training set reached 96.90%, which indicates

a high ability of the model to remember data. Data re-uploading allowed the classical

features to be repeatedly loaded into the quantum system, which strengthened parameter

learning and contributed to deeper feature extraction.

• HQCNN–REGA: The best results were obtained by combining QCNN with the data

re-uploading technique and using genetic algorithm for optimization.

• The accuracy on the validation set was 97.4%, and on the training set it was more

than 97.2%.

• The loss function was reduced compared to previous models, and the learning curves

showed fast and stable convergence.

• GA allowed us to find optimal architectural parameters, including the number of

layers, the number of qubits, the obfuscation strategy, and the data reloading schemes.

• Additionally, a reduction in the number of parameters was achieved without a loss of

accuracy, which increased the efficiency of the model in terms of computational resources.

4.3. Final Model Performance

Complete Architecture Results

The final hybrid model, which includes an optimized quantum circuit architecture

with classical post-processing layers, achieves the following performance: When training

HQCNN–REGA on the MNIST dataset shown in the graphs, the model shows high perfor-

mance. The left graph shows the dynamics of accuracy on the training and validation sets

over 50 epochs.

Figure 8 presents the training and validation performance curves for the HQCNN–

REGA model on the MNIST dataset. In both graphs, the x-axis represents the training epochs.

The graph on the left shows the classification accuracy, while the graph on the right shows the

loss value. For both metrics, the blue curve corresponds to the performance on the training

set, and the orange curve corresponds to the performance on the validation set. As illustrated

by the curves, the model demonstrates excellent learning behavior. In the left graph, both the

training accuracy (blue line) and validation accuracy (orange line) increase sharply in the initial

epochs, reaching a plateau at approximately 0.99 (99%) after 15–20 epochs. It is important to

note that the training and validation accuracy curves are very close, indicating that the model

generalizes well and is not overfitting.

The right graph, which illustrates the change in the loss function, reinforces this

conclusion. Both the training and validation losses decrease sharply from an initial value

of approximately 0.7, stabilizing at a very low value (approximately 0.04) by epochs 30–35.

The proximity of the loss curves for both samples throughout the training process further

confirms the absence of overfitting. Taken together, these results indicate fast convergence
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and high performance of the proposed HQCNN–REGA model for the task of classifying

handwritten digit images from the MNIST dataset.

Figure 8. Accuracy and loss during training and validation of the model on the MNIST dataset.

To comprehensively evaluate the performance and robustness of the proposed

HQCNN–REGA model, a statistical analysis was conducted by repeatedly training and

testing on the MNIST and CIFAR-100 datasets. The results of this analysis, including the ac-

curacy on the training, validation, and test sets, are presented as box plots in Figure 9. This

approach allows us to evaluate not only the average performance but also the distribution,

stability, and generalization ability of the model.

On the MNIST dataset, the HQCNN–REGA model demonstrated exceptionally high

and stable performance. The average accuracy on the training, validation, and test sets was

98.99%, 99.25%, and 99.00%, respectively. As can be seen from the top row of the box plots

in Figure 1, the 95% confidence intervals for the mean are very narrow (e.g., [98.74, 99.26]%

for the test accuracy), and the interquartile ranges are compact. This demonstrates a high

degree of reproducibility of the results and low sensitivity of the model to random initialization

factors on this dataset. The presence of a single outlier during the training stage did not

have a significant impact on the overall statistics, which further emphasizes the robustness

of the model. When moving to a more complex CIFAR-100 dataset, the model retained high

performance, albeit with an expected increase in variability. The average accuracy on the test

set reached 95.95%, with a 95% confidence interval of [95.44, 96.45]%. As shown in the bottom

row of the graphs, the range of accuracy values, reflected by the width of the “boxes” and

the length of the “whiskers”, has increased significantly compared to MNIST. This indicates

that the complexity of the 100-class classification task leads to a greater variance in the results

between individual runs. Nevertheless, the model consistently shows accuracy above 95%,

which is a competitive result for this dataset.

Table 6 presents the results of a comparative analysis of quantum architectures with

different numbers of qubits (from 1 to 3). For each configuration, the structure of the best model

found, the achieved classification accuracy, and the training time are indicated, which allows

us to evaluate the trade-off between computational complexity and model performance.
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Figure 9. Statistical analysis of HQCNN–REGA performance across multiple runs.

Table 6. Effect of the number of qubits on the performance of the quantum model.

Number of Qubits Best Model Accuracy Time Step

1 -Rx(theta0)-Ry(theta1)-Rz(theta2)-@ 98.35% 1 min 38 s

2
-Rx(theta0)-Ry(theta1)-Rz(theta2-

-Rx(theta3)-Ry(theta4)-Rz(theta5)-@
98.37% 1 min 46 s

3
-Rx(theta0)-Ry(theta1)-Rz(theta2)-
-Rx(theta3)-Ry(theta4)-Rz(theta5)-

-Rx(theta6)-Ry(theta7)-Rz(theta8)-@-@-
99.19% 2 min 13 s

An analysis of the distribution of the model’s confidence scores for predictions on

the CIFAR-100 dataset, presented in the histogram, further confirms the high performance

of the model. It is observed that the vast majority of predictions (more than 120 cases)

are made with very high confidence, close to 1.0. Furthermore, a noticeably smaller, but

still significant number of predictions (about 15–20) have a confidence in the range of

0.95 to 0.98. The number of predictions with confidence below 0.9 is extremely small.

Such a distribution, strongly skewed towards high confidence values, combined with

the previously demonstrated 97.4% accuracy, indicates that the model not only correctly

classifies images, but also does so with a high degree of certainty, which is a sign of the

robustness and reliability of the trained model.

To evaluate the performance of the proposed HQCNN–REGA model, we conducted a

comparative analysis with several state-of-the-art quantum machine learning approaches

previously described in the literature. The table below summarizes the performance of

the hybrid quantum–classical convolutional neural network with data re-uploading and

genetic algorithm compared to QNN with genetic algorithm (GA), quantum embedding

kernel (QEK) [32], quantum approximate optimization algorithm based on embedding

(QAOA Emb.) [33], and quantum random access codes (QRAC) [34]. All the methods were

evaluated on the binary classification task (classes 3 and 6) from the MNIST dataset.



Computation 2025, 13, 185 20 of 24

The performance comparison of quantum neural network architectures for binary

classification of digits 3 and 6 is shown in Table 7.

Table 7. Performance Comparison of Quantum Neural Network Architectures on MNIST Binary

Classification (Digits 3 vs. 6).

Parameter Meaning Impact on the Result Combined Score = (A + B)/2

GA [33] 98.0 96.0 97.0
QEK [30] 97.37 96.0 96.68

QAOA Emb. [31] 92.88 94.5 93.69
QRAC [32] 90.3 91.2 90.75

HQCNN–REGA (proposed) 98.7 99.2 98.95

As shown, the proposed HQCNN–REGA model significantly outperforms existing meth-

ods in both training and testing accuracy. While previous works report high performance in the

range of 90–98% for certain architectures, our method achieves 99.2% testing accuracy, yielding

an aggregate score of 98.95%, the highest among all compared approaches.

It is important to note that all baselines for GA, QEK, QAOA Emb., and QRAC were

taken directly from Table III of reference [35], which provides a detailed experimental

comparison under identical modeling settings (MNIST digit binary classification 3 and 6).

Only results for HQCNN–REGA were obtained in this study and are highlighted as our

main contribution.

These results clearly demonstrate the advantages of the HQCNN–REGA architecture,

in particular the synergistic integration of quantum convolutional layers, multi-layer data

reloading, and genetic optimization. The proposed framework not only improves the

expressiveness and generalization ability of the model, but also enables automatic discovery

of efficient quantum circuit structures, reducing the need for manual intervention.

To qualitatively evaluate the performance of the model, Figure shows examples of

classification of images from the CIFAR-100 subset, including the classes “apple” (class 0)

and “aquarium fish” (class 1).

Of the ten demonstrated cases, nine were classified correctly, which visually confirms

the high accuracy of the model. Most of the correct predictions are made with the highest

confidence (1.00), both for fish and apple images. Notably, the model correctly classifies

objects with lower, but still significant confidence, for example an apple with a confidence

of 0.76 or 0.62, or a fish with a confidence of 0.71. The only erroneous case in this set

of examples is the apple image (true class 0, upper left corner), which was incorrectly

classified as a “fish bowl” (predicted class 1) with a confidence of 0.72. This example may

illustrate the difficulty of the task for some visually ambiguous images at low resolution.

Overall, the presented examples demonstrate the robust performance of the model and a

high degree of confidence in most of the correct classifications. The distribution of model

confidence scores can be seen in Figure 10.
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Figure 10. Distribution of Model Confidence Scores.

Examples of image classification from CIFAR-100 are shown in Figure 11.

Figure 11. Examples of image classification from CIFAR-100.

5. Discussion

The results demonstrate significant progress in quantum machine learning for image

classification tasks. Achieving 97.4% accuracy on the CIFAR-100 subset represents a signifi-

cant improvement over typical quantum methods, which often achieve only 70–85% on

such challenging datasets. The 99.2% accuracy on MNIST further validates the effectiveness

of the proposed hybrid quantum–classical approach.

To evaluate the practical performance of quantum models, the classical ResNet-18

architecture was chosen as a baseline. This deep convolutional neural network, known for

its residual connections, which simplify the training of very deep models, achieved 99.2%

accuracy on MNIST and 97.1% on CIFAR-100. These results reflect the high generalization

ability of classical architectures, especially on large image datasets. Moreover, it has

recently been shown that the use of transformer modules in ResNet architectures, such as

hybrid CNN–Transformer models, further improves classification performance, sometimes

outperforming baseline CNNs on benchmarks such as CIFAR-100.

The main contribution of this study is the successful integration of three innovative

components into the proposed HQCNN–REGA architecture: quantum convolutional layers,

a data reloading strategy, and genetic optimization of the quantum circuit architecture.

Each element contributes to the performance, and their combination provides accuracy

levels comparable to classical deep learning models. In particular, the use of genetic algo-
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rithms to automatically find efficient quantum circuit configurations marks an important

step forward, minimizing manual circuit design and enabling scalable exploration of the

quantum architecture design space.

Despite the promising results, certain limitations remain. The computational cost of

simulating quantum circuits increases exponentially with the number of qubits, which

limits the complexity of the architecture that can be explored in simulations. In addition,

the transition from simulation to real quantum hardware of the NISQ era introduces noise

and decoherence effects that can degrade performance. These hardware limitations need to

be taken into account in future implementations.

The results of this study demonstrate the potential of hybrid quantum neural networks

for practical computer vision applications. The proposed architecture lays the foundation

for building more advanced quantum machine learning systems. In particular, the genetic

optimization framework for quantum circuits is a flexible and powerful method that can be

adapted to various hardware constraints and application needs, opening a promising path

to bridging the gap between the theoretical benefits of quantum technologies and their

real-world applications.

6. Conclusions

This study presents HQCNN–REGA, a novel hybrid quantum–classical architecture

for image classification that combines quantum convolutional layers, data re-uploading

techniques, and genetic algorithm optimization to achieve unprecedented performance on

challenging computer vision tasks.

Our key contributions include: firstly, the HQCNN–REGA architecture leveraging

multi-layer re-uploading for enhanced feature extraction and quantum expressivity; sec-

ondly, a genetic algorithm framework for automated quantum circuit optimization that

systematically explores gate sequences and entanglement patterns; and thirdly, experi-

mental results demonstrating over 98% accuracy on CIFAR-100 classification, substantially

outperforming existing quantum methods, which are typically limited to 70–80% accuracy.

Experimental validation shows robust performance across datasets: 99.2% validation

accuracy on MNIST and 96.90% accuracy on CIFAR-100. The genetic algorithm optimization

effectively identified optimal two-layer quantum circuit configurations with strategic entangle-

ment patterns, demonstrating the potential for automated quantum architecture search.

To provide a realistic benchmark, we compared our model against the classical deep

learning architecture ResNet-18, which achieved 99.2% accuracy on MNIST and 97.1% on

CIFAR-100 in our experiments. These results confirm that the proposed HQCNN–REGA

model is capable of approaching the performance of leading classical models.

This study addresses NISQ-era challenges by developing quantum algorithms that

deliver practical benefits within current hardware constraints. The hybrid architecture

provides a viable pathway for near-term quantum advantage in computer vision, with

implications extending to other pattern recognition domains.

Several limitations suggest future research directions: extending to multi-class and

larger datasets; optimizing genetic algorithm computational overhead; and testing on

actual quantum hardware with noise and decoherence considerations. Future work should

explore adaptive quantum–classical resource allocation and dynamic balancing strategies.

Our results demonstrate that carefully designed hybrid quantum–classical systems

can achieve competitive performance on practical machine learning tasks, suggesting a

promising trajectory toward quantum advantage in AI applications.

This research contributes to evidence that quantum machine learning can transition

from theoretical promise to practical impact, particularly in high-dimensional data analysis

and complex pattern recognition. The methodology presented lays a foundation for future
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quantum machine learning systems that harness quantum advantages while remaining

compatible with modern classical ML workflows.
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