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This study explores the impact of classical backbone architecture on the performance of hybrid quantum-
classical neural networks in image classification tasks. Hybrid models combine the representational power
of classical deep learning with the potential advantages of quantum computation. Specifically, this research
employs a quanvolutional neural network architecture in which a quantum convolutional layer, based on a
four-qubit Ry circuit, preprocesses input images before classical processing.

Despite the growing interest in hybrid models, few studies have systematically investigated how
variations in classical architecture design affect the overall performance of hybrid quantum-classical neural
networks. To address this gap, we compare two lightweight convolutional backbones -
MobileNetV3Small050 and LCNet050 — integrated with an identical quantum preprocessing layer. Both
models are evaluated on the CIFAR-10 dataset using 5-fold stratified cross-validation. Performance is
assessed using multiple metrics, including accuracy, macro- and micro-averaged area under the curve, and
class-wise confusion matrices.

The results indicate that the LCNet-based hybrid model consistently outperforms its MobileNet
counterpart, achieving higher overall accuracy and area under the curve scores, along with improved class
balance and robustness in distinguishing less-represented classes. These findings underscore the critical role
of classical backbone selection in hybrid quantum-classical architectures. While the quantum layer remains
fixed, the synergy between quantum preprocessing and classical feature extraction significantly affects
model performance. This study contributes to a growing body of work on quantum-enhanced learning
systems by demonstrating the importance of classical design choices. Future research may extend these
insights to alternative datasets, deeper or transformer-based backbones, and more expressive quantum
circuits.
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1. Introduction

Machine learning, and in particular Deep Learning (DL), remain active and rapidly evolving fields
that have transformed numerous areas of science, technology, and society, such as computer vision.

Classical DL models have achieved high accuracy for various image classification tasks because they
can learn and extract complex patterns from high-dimensional data [1]. However, as the size of data
sets and computational requirements increase, classical models also have drawbacks, mainly in terms
of scalability and power consumption.

These limitations have fueled interest in alternative models of computing, with quantum
computing as a potential prospect. Quantum computing can exploit quantum mechanical effects,
such as superposition and entanglement, to solve problems that cannot be solved by any conceivable
classical computer [2]. In this sense, the Hybrid (quantum-classical) Neural Networks (HNNs) have
attracted considerable attention as an empirical way to obtain the best possible performance from
the current generation of quantum machines.

© The Author(s) 2025. Published by Igor Sikorsky Kyiv Polytechnic Institute.
This is an Open Access article distributed under the terms of the license CC BY 4.0 (https://creativecommons.org/licenses/by/4.0/),
which permits reuse, distribution, and reproduction in any medium, provided the original work is properly cited.


https://doi.org/10.20535/2786-8729.7.2025.333887
https://orcid.org/0009-0009-1631-8172
https://orcid.org/0000-0003-2682-4668
ars4899@gmail.com
https://creativecommons.org/licenses/by/4.0/

50 Information, Computing and Intelligent Systems Ne 7, 2025

HNNSs exploit the combined expressive power of classical HNNs with the computational capabilities
of quantum algorithms [3]. Recent advances, such as quantum variational schemes and quantum
convolution operations, have shown promise in image feature extraction and classification for complex
visual recognition. However, the field is still in its infancy with a number of outstanding research
challenges, including hardware scalability, quantum noise, and a poor theoretical understanding of
the behavior of quantum models.

Given the rapid advancement of quantum computing and its increasing integration with classical
machine learning systems, research in HNNs is of growing importance. Understanding how classical
architectures affect performance in such systems is essential for unlocking their practical potential
and guiding future developments in quantum-enhanced Al applications.

2. Literature review and problem statement

The past few years have seen growing research emphasis in the field of quantum computing and
machine learning, specifically to construct hybrid quantum-classical models for image classification
and pattern recognition. There have been a number of works on Quantum Variational Classifiers [4],
quantum kernel methods [5], and quantum convolutional networks [6] that try to harness the unique
features of quantum systems for enhancing learning power and model expressiveness.

Early on, hybrid models incorporated small quantum circuits into classical networks, typically by
replacing or supplementing fully connected layers with quantum variational circuits. These works
showed the potential of hybrid models on small datasets MNIST, Fashion-MNIST, and CIFAR-10 in
simulated or under-constrained qubit hardware. Particularly, works such as those of showed that
these hybrid quantum-—classical models were indeed capable of outperforming their solely classical
counterparts in regions of parameter space where classical models failed to generalize.

Another very interesting field of research in this context has been the ideas of quantum convolutional
layers — also known as quanvolutional layers — that do their best to approximate the behavior of
classical convolutions while using quantum operations. These layers have empirically improved the
ability to learn the features, especially when considering complex image datasets, and have been
leveraged to form HNNs of different structures [7].

Nevertheless, a lack still exists in systematically investigating the interaction among quantum layers
and different classical-based backbone architectures. However, from the existing works, it remains
unknown how the architectural properties (e.g., depth, channel width, layer connectivity, etc.) affect
the hybrid models. Among them, lightweight and mobile-compatibility networks, such as MobileNetV3
and LCNet [8], are extensively used in classical settings but largely unexploited in quantum-classical
hybrid circuits.

In summary, while prior studies demonstrate the potential of hybrid quantum-classical neural
networks, they rarely explore the influence of specific classical backbone architectures within a
controlled quantum framework. This gap in the literature—namely, the lack of systematic comparison
between lightweight convolutional models such as LCNet050 and MobileNetV3Small050 in hybrid
settings-suggests that further investigation is warranted. Therefore, it is reasonable to conduct a
study dedicated to evaluating the impact of classical backbone selection on the performance and
stability of hybrid quantum-classical models in image classification tasks.

3. The aim and objectives of the study

The aim of this study is to evaluate the effect of classical lightweight backbone architecture on
the performance of HNNs for image classification. This is grounded in the identified research gap
concerning the role of classical model selection in the overall effectiveness and stability of hybrid
systems.

To achieve this aim, the following objectives are defined:

— to implement and train two hybrid neural network architectures that integrate a fixed quantum
preprocessing layer with either the LCNet050 or MobileNetV3Small050 backbone;
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— to assess and compare their classification performance using metrics such as macro-averaged
AUC and micro-averaged AUC, class-wise AUC, and confusion matrices on the CIFAR-10 dataset;

— to analyze the impact of backbone selection on model stability and generalization across multiple
validation folds.

4. Materials and methods of investigating hybrid quantum-classical neural networks

The object of the study is the classification performance of HNNs with different classical
backbones. To evaluate the impact of classical backbone architecture on the performance of HNN
[9,10], two model configurations were developed. Both integrate a quantum processing layer with a
lightweight convolutional neural network, differing only in the classical backbone: one utilizes
MobileNetV3Small050, while the other uses LCNet050.

This section presents the architecture of the hybrids and describes the quantum and classical
components independently for clarity.

4.1. Evaluation metrics

A few performance measures were defined to evaluate the performance of the proposed hybrid
structures:

— validation accuracy;

— validation AUC' (macro and micro);

— validation loss;

— classical model complexity.

It should be noted that for the quantum layers, we performed simulations on classical hardware
and execution time was not utilized as a measure of performance. Instead, we recorded the number of
quantum circuit evaluations in the training and testing phases to provide an estimate of the overhead
involved in deploying the models to an actual quantum computer.

4.2. Quantum circuits

In this work, the proposed HNNs employ a 4-qubit Ry-based quantum circuit. Each qubit in the
circuit comes with one trainable parameter and is initially prepared with a Hadamard gate, then with
a Ry rotation gate [11].

Note that, in this case, the number of circuit inputs and outputs is the same and matches the
number of qubits used as being illustrated in Fig. 1. This particular quantum circuit design was chosen
following the results from our previous study, where it proved best in its flexibility and performance
for hybrid neural network models.

4.3. Datasets

To demonstrate the efficiency of the proposed hybrid quantum-classical neural network
architectures, the CIFAR-10 dataset was considered. CIFAR-10 is a commonly used benchmark in
the computer vision field, especially for image classification. The dataset is divided into 10 object
class categories: airplane, automobile, bird, cat, deer, dog, frog, horse, ship, and truck; containing a
total of 60,000 color images of 32x32 pixels. Fig. 2 shows a section of the CIFAR-10 dataset.

Out of the entire dataset, 50,000 images is used for training and the remaining 10,000 images for
testing. A validation set from the training data was used to keep track of performance and overfitting
during the training. All images were normalized to zero mean and unit variance for each channel, and
standard augmentations including random horizontal flipping and cropping were applied to improve
the generalizability of the models. These preprocessing steps ensured consistency across training runs
and helped reduce noise-related variance.



52

Information, Computing and Intelligent Systems Ne 7. 2025

CIFAR-10 was

Ry

ThetaO

airplane

chosen for

airplane

Fig. 2. Sample of CIFAR-10 dataset

its

balanced class ratio, moderate image complexity, and



Comparative analysis of LCNET050 and MOBILENETV3 architectures in hybrid... 53

appropriateness for testing lightweight and hybrid models in constrained resources, as those
provided by simulated quantum circuits. Moreover, its widespread use in benchmarking DL models
allows for reliable performance comparisons with existing research.

4.4. Quantum layer

The quantum component of the hybrid architecture is implemented using a parameterized quantum
circuit composed of four qubits. Each qubit receives one scalar value as input, resulting in a fixed
input size of four. The circuit design follows a standard pattern for hybrid applications: each qubit
is first initialized with a Hadamard gate, which introduces superposition, and then passed through a
trainable Ry rotation gate, allowing the circuit to learn rotational parameters during training.

This particular combination of quantum Hadamard gates and then Ry was motivated by the findings
of our previous work [12], and was found to be a good trade-off in expressiveness and learning stability
for small-scale quantum learning layers.

The results of the quantum circuit are the expected values as measured for each qubit. These values
are aggregated into a vector and passed to the subsequent classical classification stage.

It is important to note that the quantum layer inputs are adjusted to be normalized and m-scaled,
as the spin-gates tend to expect so. In this way, the classical outputs are mapped to the acceptable
parameters of the quantum gates.

4.5. Classical backbone

In this paper, we compare two different classical backbone structures in the same hybrid:
LCNet050 and MobileNetV3Small050. Both are efficient CNNs, have been designed to be
lightweight in terms of computation and small parameter size, and are thus potential candidates for
realizing on quantum hardware, especially when under simulation constraints. This comparison aims
to evaluate how architectural choices in classical networks influence the effectiveness of hybrid
quantum-classical models. Understanding these differences is essential for optimizing performance in
environments where computational resources are limited.

On the model release side, the current notebook is using LCNet050 as the classical backbone. This
architecture is composed of several convolutional layers to capture high-level abstraction from input
images of size 32x32x3 (CIFAR-10). After the convolution feature map is extracted, the convolution
feature map is flattened into a one-dimensional vector, and the linear layer to reduce its dimension
is introduced to 4, which is the number of input qubits of the quantum layer. This reduction ensures
compatibility with the quantum processing block and facilitates seamless integration within the hybrid
architecture. The combination of compact feature representation and limited qubit input aligns with
practical constraints of near-term quantum devices.

All intermediate layers in the backbone use ReL U activation, whereas the last linear layer ahead
of the quantum circuit uses a tanh activation function to bound the included values in (=1, 1). This
is crucial because the quantum layer will interpret its inputs as angles of rotations, which are only
allowed on a bounded interval.

After the quantum transform, we map the quantum output vector to ten class logits using a final
fully connected layer and then use a softmax to get class probabilities. Leveraging this architecture,
the experiment decouples the classical backbone’s effect on model performance and conducts a fair
comparison between LCNet050 and MobileNetV3Small050 to exclude confounding factors among
different quantum settings.

4.6. Workflow

The experimental pipeline developed in this work includes different steps and is aimed at a
comprehensive evaluation of hybrid quantum-classical models. The pipeline comprises the
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preprocessing of datasets, conditioning of the quantum layer, the training of the model, and its
evaluation throughout the 5 stratified folds Cross-Validation (CV) with an Out-of-Fold (OoF)
prediction strategy [13].

The main purpose of the study was to compare how the performance of such a hybrid architecture
is affected by various classic backbones (MobileNetV3Small050 and LCNet050). A stratified 5-fold
CV method was performed in order to have a statistically robust evaluation and prevent overfitting.

In this method, the dataset was split into five non-overlapping and equal-sized datasets (folds),
each fold kept the distribution of classes of the original dataset. For each of the five runs, one fold was
the validation set, and the remaining four folds were used to train the model. This approach ensures
that every data point is used exactly once for validation and four times for training. In addition,
stratification ensures that the model is tested on all class labels fairly across folds, and this is very
important to get a balanced performance measure for the multiclass classification tasks.

During each fold, predictions were recorded for the validation subset—data that the model had not
encountered during training — which were then aggregated across all five iterations to construct a
complete set of OoF predictions. This strategy enables the generation of model outputs for the entire
dataset under strictly unseen conditions, effectively simulating real-world generalization. Each data
sample contributed to the final performance evaluation exactly once, and only in the fold where it
was excluded from training. The consolidated OoF' prediction set was subsequently used to compute
final evaluation metrics, including overall accuracy, macro- and micro-averaged AUC scores, per-class
AUC values, and confusion matrices. This methodology offers a robust and unbiased estimate of
model performance, free from information leakage or overly optimistic validation scores. Moreover, it
provides a reliable basis for model comparison by ensuring that all performance metrics are derived
from data not seen during training.

5. Results of hybrid neural network performance evaluation

In this experiment, the effectiveness of two lightweight convolutional neural networks —
MobileNetV3Small050 and LCNet050 — was compared as classical backbones within a hybrid
quantum-classical architecture using a quanvolutional preprocessing layer. Both models were trained
on the CIFAR-10 dataset with identical training configurations: 10 epochs, batch size = 64, and
4-qubit quanvolutional transformation with stride = 1 and Receptive Field = 2. AUC (macro and
micro), confusion matrices, and class-wise AUC scores were used as evaluation metrics.

The training pipeline involved applying a quantum preprocessing layer that outputs 5-channel
quanvolutionally transformed data. This dataset was then fed into each respective backbone for
classification.

To assess the influence of the backbone architecture in hybrid quantum-classical neural networks,
we conducted a comparative evaluation of MobileNetV3Small050 and LCNet050 under a consistent
quanvolutional pipeline. Table 1 summarizes the general classification performance across the
CIFAR-10 dataset using 5-fold stratified CV.

Table 1. Comparison of the general metrics after 5-fold stratified CVs

Backbone AUC_ macro mean | AUC macro_ std | AUC_ micro _mean | AUC micro_std
MobileNetV3Small050 0,933998 0,029202 0,938082 0,001131
LCNet050 0,954004 0,024682 0,958469 0,000409
AAUC 0,020006 0,020387

As shown in Table 1, when comparing hybrid quantum-classical models with various classical
backbones, the LCNet050 curve significantly dominates the MobileNetV3Small050 across all metrics
of interest. In particular, the LCNet-based model reached a higher macro-averaged AUC (0.9540)
than its MobileNetV3Small050 counterpart (0.9340), with an absolute difference of
AAUC macro = 0.02. Nevertheless, such negative improvement seems to be within the variability
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range defined by themacro AUC standard deviation of the model wusing MobileNet
(AUC_macro std = 0.0292), so the macro improvement, even present, might not be significant.

In contrast, the micro-averaged AUC shows a more decisive outcome: LCNet050 recorded an
AUC micro_mean of 0.9585 versus 0.9381 for MobileNetV3Small050, with a corresponding
AAUC micro = 0.0204. Importantly, this improvement exceeds the micro AUC standard deviation
of both models (0.0004 and 0.0011, respectively), indicating a more stable and reliable performance
gain at the sample level.

The mean and standard deviation of the AUC scores over all ten CIFAR-10 classes are given in
Table 2 after 5-fold stratified CV.

Table 2. Comparison of the metrics per class after 5-fold stratified CV

Class | AUC M mean | AUC M std | AUC L mean | AUC L std | AAUC mean
0 0,946172 0,002621 0,964261 0,001295 0,018089
1 0,967665 0,002112 0,980485 0,001488 0,012820
2 0,897933 0,002987 0,923923 0,003442 0,025990
3 0,879870 0,003302 0,905776 0,004025 0,025906
4 0,912916 0,003781 0,943832 0,001716 0,030916
5 0,914256 0,003115 0,931433 0,003443 0,017177
6 0,955699 0,001997 0,973300 0,001343 0,017601
7 0,940685 0,001617 0,966152 0,001009 0,025467
8 0,967525 0,001396 0,976660 0,001053 0,009135
9 0,957264 0,002159 0,974215 0,000966 0,016951

Across all classes, LCNet050 consistently outperformed MobileNetV3SmallO50 in terms of mean
AUC; with AAUC _mean values ranging from 0, 0091 (class 8) to 0, 0309 (class 4). Notably, the largest
improvements were observed in classes with moderately challenging features, such as 0,0309 (class
4) and 0, 0260 (class 2), indicating LCNet050’s superior ability to generalize under diverse intra-class
variation. These differences exceed the corresponding standard deviations of the MobileNet model
(AUC_M _std) for these classes, suggesting that the observed improvements (Fig. 3), are not only
substantial but likely statistically significant.
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Fig. 3. Models AUC metric: a — MobileNetV3Small050; b — LCNet050



56 Information, Computing and Intelligent Systems Ne 7, 2025

Further, for 9 of 10 classes, LCNet050 achieved lower standard deviation in AUC across folds as
indicated by negative AAUC _std values. This implies that LCNet050 not only generates better quality
video classification on average, but also provides predictions that are more stable across different
test splits — an important consideration for desiring consistency across training splits. The maximum
decrease of AUCs spread was also obtained for class 4 (—0.00207), confirming again its good versatility
in presence of more ambiguous samples. In addition to the CVmetrics, we assessed the generalization
performance of both pre-trained architectures via OoF predictions. The macro/micro-averaged AUC

scores based on the OoF validation sets during 5-fold training are reported in Table 3.

Table 3. Comparison of the general metrics after OoF training and validation

Class | AUC_M_OoF Aglf)ml\g\f;d AUC L _OoF A(IfjrgmLC;;d AAUC_ OoF
0 0,953101 0,002621 0,966318 0,001205 0,013414
i 0,96990 0,002112 0,984556 0,001483 0,014566
5 0,908708 0,002087 0,928879 0,003142 0,020081
3 0805309 0,003302 0,916242 0,004025 0,020313
1 0,923202 0,003781 0,951818 0,001716 0,028616
5 0,920001 0,003115 0,93607 0,003143 0,016879
6 0,96203 0,001007 0,971545 0,001343 0,000515
7 0,951162 0,001617 0,970626 0,001009 0,019464
g 0,072111 0,001396 0,979384 0,001053 0,007273
9 0,961333 0,002150 0,078232 0,000066 0,013399

The LCNet050 backbone takes clear advantage again to achieve the AUC macro of 0.9585 and
AUC micro of 0.9634, against 0.9421 and 0.9465 for the MobileNet-based model. These gap values
are AAUC macro = 0.0164 and AAUC micro = 0.0168, thus supporting again the consistent
higher performance of LCNet in class-wise and average prediction resolution too. The macro level
improvement does not outweigh the macro AUCs standard deviation for MobileNetV3Small050
(0.0262), but it is instructive that the micro improvement is significant beyond the observed
variability, i.e., AAUC micro surpasses the AUC micro std of these models (0.001013 and
0.000380, respectively). This indicates meaningful and consistent enhancement of the performance
for the prediction of the LCNet-based model when operating over the whole logical space. The

generally small stds of the LCNet results further confirm its robustness over OoF folds.

Table 4. Comparison of the metrics per class after OoF training and validation

Class | AUC_M_OoF Aggmlvé\f;d AUC L OoF A(E«SmLcésd AAUC _OoF
0 0,053404 0,002621 0,966818 0,001295 0,013414
i 0,96999 0,002112 0,984556 0,001488 0,014566
> 0,008798 0,002087 0,928879 0,003442 0,020081
3 0,805899 0,003302 0,916242 0,004025 0,020343
1 0,023202 0,003781 0,951818 0,001716 0,028616
5 0,920001 0,003115 0,93607 0,003443 0,016870
6 0,96203 0,001997 0,971545 0,001343 0,009515
7 0,951162 0,001617 0,970626 0,001009 0,019464
g 0,072111 0,001396 0,979384 0,001053 0,007273
9 0,064333 0,002150 0,078232 0,000966 0,013899

The per-class AUC obtained via OoF predictions is reported in Table 4. Remarkably, the
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LCNet050 backbone achieves higher AUC scores across all ten CIFAR-10 classes, with AAUC _OoF
improvements ranging from 0.0073 (class 8) to 0.0286 (class 4). Crucially, in every class, the
performance  gain  exceeds the standard deviation (AUC_ M std) recorded  for
MobileNetV3Small050 during CV, indicating that the improvements are not only consistent but
also statistically significant. The most pronounced gains are observed in classes 2 (frog), 3 (cat), and
4 (deer), with improvements of 0.0201, 0.0203, and 0.0286, respectively—highlighting LCNet050’s
ability to better generalize in moderately challenging categories. Even in already well-performing
classes, such as class 1 (automobile), class 8 (ship), and class 9 (truck), the LCNet050-based hybrid
maintains measurable advantages. This consistent outperformance across the full class spectrum
strongly suggests that the LCNet backbone achieves not only higher accuracy but also more reliable
per-class discrimination, making it better suited to extract and interpret quantum-encoded features.
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Fig. 4. Models normalized confusion matrices: a — MobileNetV3Small050; b —

LCNet050

Confusion matrices (Fig. 4), also confirm the enhanced classification accuracy of the LCNet050-
based QNN model, with a sharper diagonal and reduced inter-class confusion.

6. Discussion of the results of hybrid neural network evaluation
6.1. Accuracy and generalization analysis

We experimentally validate that the traditional backbone structure makes a significant difference
in the performance of hybrid quantum-classical neural models. For all CV and OoF metrics, the
model based on LCNet050 reported consistently higher macro- and micro-AUC values than the one
of MobileNetV3Small050. Notably, LCNet050 achieved a gain of around 0,02 (both macro AUC and
micro AUC') on average over the evaluated settings.

In addition, LCNet050 achieved higher per-class AUCs across all ten CIFAR-10 classes,
demonstrating consistent superiority over MobileNetV3Small050. The most notable improvements
were observed in mid-performing classes such as class 2 (frog) and class 4 (deer), where the
performance gains were particularly pronounced. These results highlight LCNet050’s strong
generalization capabilities, not only for dominant and easily separable classes but also for those with
higher intra-class variability. This consistent performance across the entire class distribution reflects
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a more balanced and robust classification strategy, reinforcing LCNet050’s suitability as a backbone
for hybrid quantum-classical models.

The confusion matrix analysis is also in line with this view, showing the decrease of inter-class
confusion and the increased distribution of diagonal elements.

6.2. Performance stability across folds

Aside from its better mean performance, the LCNet050 backbone also showed far greater stability
across both CV folds and individual classes. The standard deviations of macro- and micro-AUC scores
were consistently lower for LCNet050 under both CV and OoF evaluations, indicating its stability.
Notably, 9 out of 10 classes showed variance reduction in AUC with the use of LCNet050, which
further enhances its capacity to deliver consistent performance under different training splits. The
greatest decrease in variability was experienced by class 4, where the standard deviation decreased by
a value of approximately 0.00207, once more demonstrating the stability of the model in its ability
to handle more complex or open-ended classes. These decreased predictive variances coupled with
the continued gains in accuracy indicate that LCNet050 not only makes more accurate predictions
but also greater robustness and reliability—qualities paramount to applying hybrid models in realistic,
practical applications.

6.3. Classical-quantum integration compatibility

These results indicate that classical architecture is not a trivial choice when considering the design
of hybrid quantum-classical models, but something that must be carefully thought of. Small variations
in the backbone design can still have an impact on accuracy, stability, and per-class sensitivity. With
the increasing access to quantum devices, such design choices will be of utmost importance to establish
the practicability and success of hybrid models in production.

Next steps could involve investigating different types of quantum layers (e.g., variational circuits
and entanglement schemes) interacting with classical backbone properties due to depth, connectivity,
and receptive field design. This will enable a more holistic exploration of the design space for hybrid
architectures and allow the development of principled rules for the construction of high-performance
models.

Conclusions

Based on the results of the study, the following conclusions can be drawn:

1. The classical backbone architecture significantly influences the performance of hybrid quantum-
classical neural networks. Despite identical quantum preprocessing layers, the LCNet050 backbone
consistently outperformed MobileNetV3Small050 across all evaluated metrics. This highlights that
classical design decisions remain a critical factor in hybrid model effectiveness.

2. LCNet050 offers both higher accuracy and greater stability. The LCNet050-based hybrid model
not only achieved superior macro- and micro-AUC scores but also demonstrated reduced variance
across folds and classes, indicating more reliable generalization.

3. Careful integration between quantum and classical components is essential. The observed
performance gains suggest that architectural compatibility—particularly how well the classical model
processes quantum-transformed inputs plays a key role in hybrid network success. These findings
emphasize the importance of backbone selection in hybrid architectures and provide a foundation
for future studies exploring broader architectural combinations and quantum configurations [15].
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IIOPIBHAJILHUN AHAJII3 APXITEKTYP LCNET050 TA
MOBILENETV3 V¥V I'lbPUJIHNX KBAHTOBO-KJIACUYHIX
HEMPOHHUX MEPEXKAX JIJISI KJIACUPIKAIIII 30BPAYKEHD

Apceniit XMeabHUIIbKUN

https://orcid.org/0009-0009-1631-8172

FOpiit Topaienko
https://orcid.org/0000-0003-2682-4668

Hamionanbuuit Texuivamii yaiBepcureT YKpainu
«KuiBcbkmit momitexuigauit incruryT imeni Irops Cikopebkoros, Kuis, Ykpaina

YV HaHOMY MOCIi/PKEHHI PO3IVIAHYTO BILUIMB KJACHYHOI apxXiTeKTypu 0a30BOI MOJEl HA NPOAYKTHUBHICTH ribpumHux
KBaHTOBO-KJIACHIHAX HEHPOHHMX Mepexk) y 3afadax kiacudikarii 306pazkedb. [i6puaHi Mozesi MOEIHYIOTH
[IPEJICTABHUIIBKY 3/IaTHICTh KJIACHYHOIO IJIMOOKOTO HABYAHHSI 3 IOTEHIIHUME IIepeBaraMu KBAHTOBUX OOYHUCJIEHb.
30KpeMa, BUKOPHUCTAHO apXiTeKTypy KBAaHTOBO-KOHBOJIIOIIAHOI HEpPOHHOI MepexKi, /e KBAHTOBUU KOHBOJIIOIITHUIT
map Ha OCHOBI YOTHPUKYOITHOrO RYy-JAHIIOra BUKOHYE IIONEPEIHIO OOPOOKY 300parkeHb Mepesl KJIACHIHUMU
obunciaenusmvu. [lompu 3pocrarounit iHTEpec M0 TIOPUAHUX MOjIesel, T0ci OpaKy€e CUCTEMATHUIHUX JIOCTIKEHDb, sKi 6
BUBYAJIN BIIUB Bapiamiiff y KaacHU4Hilt apxXiTeKTypi Ha 3arajbHy e(QeKTHUBHICTH TiOPpUIHUX KBAHTOBO-KJIACUIHUX
HeiipoHHnxX MepexK. [I[o6 3amoBHUTH IO TIPOTAJIMHY, MU TOPIBHIOEMO JIBi JIETKi KOHBOJIIOII{HI apxiTeKTypu —
MobileNetV3Small050 Ta LCNetO050 — iHTerpoBaHi 3 OJHAKOBMM KBaHTOBUM IIAPOM ITOIEPENHBOI 00poOKu. O6ummasi
MOIeNIi OIMiHIOIThCS Ha Habopi ganmx CIFAR-10 3 BHKOpHCTaHHSM 5H-KpaTHOI CTparmdiKOBaHOI KPOC-BaJIiTarrii.
EdextuBHicTh BEUMIpIOETHCS 3a MOMOMOIOI0 KiJIBKOX METPUK, BKJIOYHO 3 TOYHICTIO, MAaKpo- Ta MiKpocepemgHiM
[TOKA3HUKOM ILIOI I/l KPUBOIO, a TAKOXK MaTPHUIEIMUA HEBiANOBifHOCTEl 10 Kiacax. Pe3yiapraTu 1eMOHCTPYIOTH, IO
ribpuina mojiesib Ha 6a3i LCNet cTabinbHO nepeBepiiye MobileNet 3a 3arajibHOIO TOYHICTIO Ta 3HAMEHHSIMU TIJIOMIL ITiJT
KPUBOIO, 3a0e3[edyoun Kpalnuii OajlaHC MiXK KJIacaMU Ta CTIHKICTh y pPO3Mi3HABAHHI MEHIN IIPEJCTABJIEHNX KJIACIB.
Ile minkpecaioe KpuTudHy poOJib BHOOPY KJIACHMYHOI apXiTEeKTypPH B TIOPUIHUX KBAHTOBO-KJACUIHUX CHCTEMAX.
HesBakaoun ma dikcoBanuii KBaHTOBUI Imap, B3a€MOis MiXK KBAHTOBOIO MOIIEPEIHHOIO OOPOOKOIO Ta KJIACHIHIM
BUJIYYEHHSAM O3HAK CYTTEBO BILIMBA€ Ha pe3yiabraru Mmozerdi. lle mociimkenns pobUTh BHECOK Yy 3POCTAIOYUUN KOPIYC
pobiT y cdepi KBAHTOBO-IIICUIEHUX HABYAJIHHUX CHUCTEM, JIEMOHCTPYIOUM BAXKJUBICTH BHOOPY KJIACHIHOL
apxiTekrTypu. MaitOyTHI TOC/I/KEHHST MOXKYTb PO3IMIMPUTU IIi Pe3yJbTaTh Ha iHNN HaOOpW JaHWX, TmOIm abo
TpaHchOPMEPHi apXiTEKTypH, a TAKOXK OLIBIN BUPa3HI KBAHTOBI CXEMHU.

Kitro4oBi ciioBa: HeiiponHi Meperki, KBAHTOBI 00YUC/IeHHs, TiOpuaHi HEHPOHHI MepexKi, Kiaacudikaris 300paxKeHb.
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