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Abstract. Machine learning (ML) has proven its efficacy in acquiring information from previous data and lever-
aging that understanding to handle practical problems. The recent development of quantum computing, based
on the principles of quantum physics, has made the integration of quantum computing and machine learning a
prominent area of research. Nonetheless, the practical utilization of quantum computing in machine learning
continues to present considerable obstacles, especially regarding implementation and the management of real-
world tasks. This research presents a hybrid quantum-classical convolutional neural network model (HQ-CNN)
and evaluates its performance on binary image classification tasks using subsets of the MNIST and EMNIST
datasets. The study also presents an in-depth discussion of the challenges that arise from integrating quan-
tum computing into machine learning, emphasizing the training procedure, the results obtained post-training,
and the number of qubits used in the research. The experimental findings indicate that increasing the number
of qubits generally enhances image classification efficacy. However, an increased number of qubits does not
inherently ensure enhanced overall model performance.

1 Introduction enhanced computational capacity, accelerated processing
speed, and enhanced efficacy in addressing the growing
scale and complexity of problems prevalent in the current
data-driven world. However, Noisy intermediate-scale
quantum (NISQ) is a term by John Preskill in 2018 [6],
refers to the current quantum computers that are defined by
significant error rates and limited in scale by the number of
logical or physical qubits present in the system. Xiaozhen
et al. proposed landscape-based methodologies [7] to en-
hance hybrid quantum-classical algorithms on NISQ’s de-
vices, addressing the fundamental limitations of the NISQ
era. Their work mainly focuses on optimization in noisy
quantum contexts, while also establishing a foundation
for broader progress in hybrid quantum-classical machine
learning, especially in a context where quantum hardware
and algorithms encounter considerable obstacles.

Artificial Intelligence (AI) covers a wide range of method-
ologies for constructing systems capable of imitating hu-
man intelligence, including cognition, behavior, and per-
ception in computers. Although the term Al was first in-
troduced in the 1950s, its applications have proliferated
in recent decades, particularly within the domain of ma-
chine learning (ML), where computers demonstrate the ca-
pacity to proactively learn and enhance their performance
without specific programming [1]. ML has been applied
to many domains and address real-world problems in the
forth industrial revolution such as manufacturing indus-
tries [2] and different fields.

With the introduction of Quantum Computing (QC) in
1982 [3], it leverages the features of quantum mechan-
ics, including superposition and entanglement, to repre-
sent and handle data. Both concepts allow quantum com-
puters to resolve specific complicated problems consid-
erably more rapidly than traditional computers nowadays
[4]. QC benefits enterprises by providing faster solu-
tions to complex combination problems, facilitating ad-
vancements in cryptography, chemistry, finance, and man-
ufacturing, even prior to the availability of fully mature
quantum machines [5]. This inspires an investigation into
the integration of quantum computing and machine learn-
ing to utilize the advantages of both domains—namely,

Recently, the hybrid quantum-classical machine learn-
ing methodology has drawn an increased research and
application projects producing encouraging outcomes.
Namely, Ovalle-Magallanes and other authors [8] pro-
posed a Hybrid Classical-Quantum Convolutional Neural
Network (HQ-CNN) for the detection of X-ray coronary
angiography and achieved accuracy, recall and F1-score
at 91.8033%, 94.9153%, and 91.8033%, respectively. In
binary image classification, Deepak et al. [9] selected
two labels, O and 1, from the MNIST dataset and intro-
duced a Hybrid Quantum-Classical Neural Network (H-
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study using datasets such as Overhead-MNIST, So2Sat
LCZA42, PatternNet, RSI-CB256, and NaSC-TG2 through
the TensorFlow Quantum platform. Their findings indi-
cated that the hybrid quantum—classical convolutional neu-
ral network (HQ-CNN) surpassed classical models in per-
formance. Despite the positive outcomes reported, previ-
ous research investigations have not thoroughly examined
the effects of adjusting qubit numbers in HQ-CNN mod-
els, nor have they conducted comprehensive performance
analyses under diverse quantum configurations. Further-
more, the findings typically fail to evaluate the perfor-
mance of HQ-CNNs in comparison to classical CNNs uti-
lizing almost identical model designs. We hypothesis the
performance of the HQ-CNN model if it were designed
to closely resemble the conventional CNN architecture.
We investigate the influence of qubit quantity on the per-
formance of HQ-CNN regarding assessment metrics and
training duration. To maintain objectivity in assessing the
impact of different qubit counts, the training is performed
on both the MNIST and EMNIST dataset — an aspect that
distinguishes our work from prior studies, which typically
analyze performance on a single dataset only. In context
of the current progress and growing impact of research on
hybrid quantum—classical convolutional neural networks
(HQ-CNNs), we present the following major contributions
in this paper:

1. A Hybrid Quantum Convolutional Neural Network
(HQ-CNN) model is proposed as a benchmark for
the MNIST and EMNIST datasets, which demon-
strates how the number of qubits affects both
the predictive performance and computational ef-
ficiency of the HQ-CNN. We investigate the out-
comes and compare them to those from a classical
CNN model.

2. We analyze the challenges highlighted by the ex-
perimental findings, especially in training HQ-CNN
models for practical applications. Additionally, we
also provide a source code! for further implementa-
tion and research.

2 Methodology
2.1 Data Preparation

In this work, we utilize the MNIST [11] and EMNIST [12]
datasets to benchmark the HQ-CNN model. Considering
that this is a binary classification problem, we chose suit-
able class pairs from each dataset. We selected the digits
0 and 1 from the MNIST dataset, which has handwritten
digits ranging from 0 to 9. For the EMNIST dataset, an
expanded version of MNIST containing both letters and
digits, we chose the letters A and B from the Letter split,
which consists of handwritten English alphabets mapped
to 26 uppercase classes (A-Z) for the classification task.
Both MNIST and EMNIST were derived from the NIST
Special Database 19 [13].

! https://github.com/tnvuhai/Challenges-in-Hybrid-Quantum-
Classical-Convolution-Neural-Network-Evaluating-Qubit-Impact-
on-Image-.git

Table 1. Comparison of original and binary subsets of MNIST

and EMNIST datasets
Dataset Training Testing Ratio of Binary
Original Binary Original Binary (Training:Testing)
MNIST 50,000 12,665 10,000 2,115 ~6:1
EMNIST (letters) 88,800 9,600 14,800 1,600 ~6:1

Label 1

Figure 1. EMNIST dataset (Label A&B) and MNIST dataset
(Label 0&1)

In Table 1, Original indicates the entire dataset con-
taining all labels as specified in the original source. For the
binary classification task, only the previously mentioned
labels were selected. The quantity of samples associated
with these designated labels is documented under Binary.
The table also presents the estimated ratio of training and
testing data used for the binary task following splitting
from the original dataset.

Prior to model training, all input images underwent
preprocessing using a three-step pipeline. Initially, each
image was transformed to grayscale to maintain unifor-
mity in the channel count. The images were then scaled to
a uniform resolution of 12 X 12 pixels to standardize the
input dimensions for the model, as can be seen in Figure
1 .The photos were eventually transformed into tensor for-
mat and normalized to the [0, 1] range, which additionally
restructured the data into a channel-first format (CxX HXW)
as necessitated by PyTorch-based models later on.

2.2 Fundamental Architecture

The architecture of hybrid quantum-classical model con-
sists of two components: the classical layer, the quan-
tum layer. They collaborate to tackle two-class classifica-
tion issues utilizing both classical and quantum computing
methodologies. This type of architecture has been utilized
in relevant studies [8—10]. The simplified structure is de-
picted in Figure 2:

As can be seen in the Figure 2, &, is the value of param-
eters in neural network in each hidden layer, and R(h,) is
rotation gates that rotates by #,,. The final prediction value
from the HQ-CNN is presented by y, a sigmoid function
ranging from (0, 1):

Classical Layer: The classical layer refers to the
traditional components of convolutional neural networks
(CNNs) [14] and performs two main functions within the
hybrid design. Initially, in the input-to-hidden phase, the
classical layer consists of convolutional and fully con-
nected layers, which enable feature extraction and al-
low suitable application of backpropagation for updating
model parameters. Subsequently, the obtained features
pass through to the quantum layer, where quantum com-
putation is executed utilizing a Variational Quantum Cir-
cuit (VQC). After the quantum computation concludes,
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Figure 2. Architecture of Hybrid Quantum-Classical Neural net-
work model

the primary function of the quantum circuit is to collapse
quantum states into classical information through mea-
surement, therefore allowing the classical layer to proceed
to the following stage of computation., which then applies
a dense layer to produce the final output.

Quantum Layer: The quantum layer serves as a con-
nector between classical and quantum processing by en-
coding classical data into quantum states to facilitate quan-
tum computation. Upon completion of the computation,
the quantum states are collapsed through measurement,
changing them to classical data for the following process-
ing and final output. The quantum layer has two primary
components: the Variational Quantum Circuit (VQC) and
the measurement procedure. The subsequent components
will be further discussed in Section 3.

3 HQ-CNN architecture and baselines

3.1 Experimental setup and hyperparameter
configuration

We present a pipeline for evaluating the HQ-CNN model
and compare it with a classical CNN, in accordance with
the aims of this paper. The following is a detailed expla-
nation of the main components of the pipeline:

1. Data Preparation: This phase is elaborated in
Section 2.1, which outlines the preparation of the
MNIST and EMNIST datasets for training objec-
tives.

2. Model Training and Evaluation: The training data
is utilized to train the models employing the hy-
perparameters specified in this section. Upon com-
pletion of training, the testing data is instantly in-
put into the model to calculate assessment metrics
such as accuracy, precision, F1-score, binary cross-
entropy loss, and training time.

3. Repeated Training and Evalution: The training
procedure in step 2 is reiterated five times. The fi-
nal results can be obtained as the mean and standard
deviation of the evaluation metrics throughout these
iterations, offering a comprehensive evaluation of
model efficacy.

The study employed two models for benchmarking:
proposed HQ-CNN and classical CNN, both trained under
identical hardware configurations, support libraries, and
model parameter settings. This research was performed
utilizing a conventional physical computing system with
quantum simulation. The complete configuration is out-
lined below.

e CPU: Intel(R) Xeon(R) Silver 4210R, featuring 20
cores and 40 threads.

e GPU: NVIDIA RTX A6000 with 60GB of VRAM.
e RAM: 252 GB

We employed the PennyLane library (version 0.38.0)
to integrate quantum computing with machine learning
for the implementation of both the HQ-CNN and stan-
dard CNN models. We utilized PyTorch [15] ver-
sion 2.6.0+cul24 for the classical CNN model. Penny-
Lane shows significant compatibility with PyTorch, hence
simplifying the implementation and evaluation of both
models within a unified framework.

The training procedure for both models utilized the
following hyperparameters: a batch size of 16, 5 training
epochs, and a consistent learning rate of 0.01. For the HQ-
CNN model, we employed four distinct qubit configura-
tions — [2, 4, 6, 8] — in the quantum layer for evaluation.

3.2 Quantum Layer

We proposed a custom Quantum Layer ultilizing Varia-
tional Quantum circuits (VQC), which use a classical op-
timizer to train a parameterized quantum circuits (PQCs)
to integrate quantum computing into our hybrid model,
this architecture conforms to the fundamental principles
of quantum computing. Quantum layer operates deploy-
ing the Pennylane library with a PyTorch-compatible QN-
ode interface, facilitating seamless incorporation into tra-
ditional deep learning frameworks. The Quantum Layer
takes classical inputs x; € R" and encodes them into quan-
tum circuits using rotation gates. Each input element is
employed to rotate a singular qubit via both the RX and
RZ gates, as mentioned in equation 1 and 2:

B 0\ cos(ﬁ) —isin(Q)
RX® = exp ~i3) - an(?) eos() ]
RZ(¢>=exp(—i§Z)=[e_§/2 eig/z] @

These operations execute rotations of the qubit state
around the X and Z axes of the Bloch sphere, therefore
encoding the classical input x; into a quantum state.

The circuit then implements a BasicEntanglerLayers
template from Pennylane, a commonly utilized variational
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ansatz for facilitating entanglement between qubits, as it
can be defined in quation 3, while RY and CNOT gates are
defined in [? ]:

L n
Ueniangte®) = | | (@ RY(6)- CNOT;z1 | (3)

=1 \ i=1

The entanglement structure is important for capturing cor-
relations among variables and modeling complex func-
tions. We defines 6§ = nx; and the utilization of 7x; instead
of simply x; is a prevalent strategy to enhance the diver-
sity of quantum states from the input, hence creating more
different variations among various input data.

The final phase of the circuit involves measurements.
Measurement is the technique of obtaining classical infor-
mation from a quantum state. A solitary qubit is repre-
sented by a vector in Hilbert space, it can be defined by a
waveform y in equation 4:

) = l0) +8I1), wherelal? +|BF =1 (4)
In this context, @ and § indicate complex probability am-
plitudes, with their squared magnitudes |a|> and |3]* rep-
resenting the probabilities of measuring the qubit in the
states |0) and |1), respectively. Each qubit is measured in
the Z-basis, yielding the expected value of the Pauli-Z op-
erator in equation 5:

(Z) = W\Zilyy = lal* — B ®)

The expected value lies in the interval [-1, 1], yielding a
real-valued classical quantity applicable in further compu-
tations.

3.3 HQ-CNN and CNN models

We propose the HQ-CNN and classical CNN models in ac-
cordance with the principles defined in [14]. Both models
are executed using PyTorch, with the HQ-CNN further uti-
lizing the Pennylane library to incorporate quantum layers.
Table 2 indicates the complete structures of the two mod-
els. Both models begin with a convolutional and pooling
layer for spatial feature extraction, succeeded by flatten-
ing and fully connected layers. The HQ-CNN model inte-
grates a quantum processing component (QuantumLayer)
between the feature extraction and classification phases to
augment the representational capacity using a variational
quantum circuit.

The primary distinction, undoubtedly, lays in the exis-
tence of the quantum layer. Before accessing the quantum
layer in the HQ-CNN model, a Tanh activation function
is utilized instead of the ReLU function employed in the
conventional CNN. This selection is driven by the char-
acteristic of the Tanh function, which produces outputs in-
side the interval [—1, 1], a crucial aspect for quantum gates
like RX and RY that utilize rotation angles measured in ra-
dians. Utilizing ReLU prior to the quantum layer in HQ-
CNN would induce a periodicity effect due to unbounded
outputs, potentially preventing the model’s convergence.

Table 2. Architectural Comparison between Classical CNN and

HQ-CNN
Layer Type CNN Model HQ-CNN Model
Input Layer 1 x 12 x 12 grayscale image 1 x 12 x 12 grayscale image

Conv2D(1 — 12 filters,
kernel size 3x3) + ReLU

Conv2D(1 — 12 filters,
kernel size 3x3) + ReLU

Convolutional Layer

Pooling L MaxPool2D MaxPool2D
ooling Layer (kernel size 2x2) (kernel size 2x2)
Flatten Layer Flatten() Flatten()

Fully Connected Linear(300 — 52) + ReLU Linear(300 — n_qubits) +

Layer Tanh
Quantum Processing None QuantumLayer(n_gubits)
Output Layer Linear(52 — 1) + Sigmoid Linear(n_qubits — 1) +
Sigmoid
4 Results

4.1 Evaluation metrics

The performance of the proposed HQ-CNN model and
CNN baseline is evaluated using established evaluation
metrics, as outlined in this section. These metrics are com-
puted based on the following terms:

o True Positive (TP): the number of accurately predicted
positive instances.

e True Negative (TN): the number of accurately pre-
dicted negative instances.

e False Positive (FP): the number of negative instances
incorrectly classified as positive.

e False Negative (FN): the number of positive instances
incorrectly classified as negative.

Using these definitions, the evaluation metrics are com-
puted as follows:
Accuracy: evaluates the overall accuracy of the model
across every class.
TP+TN

Accuracy = (6)
TP+TN+ FP+FN

Precision: Indicates the proportion of correctly predicted
true positive samples among all predicted positive sam-
ples.

. Trp
Precision = ———— @)
TP+ FP
Recall: measures the ratio of accurately predicted positive
cases to the total number of actual positive cases.
TP

Recall = ———— ®)
TP+ FN

F1-score: the harmonic mean of precision and recall
presents a balanced statistic, particularly advantageous for
imbalanced datasets:

Precision - Recall

F1—-Score=2 ®

Precision + Recall

Binary Cross Entropy Loss (BCELoss): Utilized as the
loss function for binary classification tasks. It measures
the differences between the predicted probability and the
actual binary labels:

N
1
BCELoss =~ Zl [y log() + (1 — o) log(1 — )]

(10)
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Figure 3. HQ-CNN performance vs Number of Qubits in
MNIST (left) and EMNIST (right)

where y; € {0, 1} is the true label, and §; € (0, 1) is the
predicted probability.

4.2 Model Performance and Discussion

This section provides a comparison of the proposed Hy-
brid Quantum Convolutional Neural Network (HQ-CNN)
and the baseline Classical CNN in the task of image clas-
sification, which are tested on MNIST and EMNIST. The
models were trained and evaluated under uniform condi-
tions to ensure an unbiased comparison, with performance
evaluated using standard metrics: accuracy, precision, F1-
score, and loss.

Table 3 presents a comparative examination of HQ-
CNN models utilizing varying quantities of qubits, in con-
junction with the traditional CNN baseline. The results in-
dicate an undeniable trend: Traditional CNN consistently
surpasses all HQ-CNN versions in the handwritten charac-
ter classification job across both the MNIST and EMNIST
datasets, according to our proposed design.

This observation emphasizes that even a relatively sim-
ple CNN can attain robust performance, whereas hybrid
quantum-classical models may underperform due to exist-
ing technology constraints. Specifically, during the Noisy
Intermediate-Scale Quantum (NISQ) era, inadequately de-
signed quantum components like HQ-CNN may not only
show poor performance but also not take full advantage on
the prospective benefits of quantum computing due to their
inability to manage quantum noise during training.

Present implementations continue to depend signifi-
cantly on current simulators, which are physically slower
and computationally costly. The practical implementation
of HQ-CNN is limited by the constraints of current hard-
ware infrastructure, primarily reliant on classical comput-
ing devices.

Figure 3 shows that increasing the number of qubits
significantly enhances the performance of the HQ-CNN
model in all evaluation metrics. This enhancement is due
to the increased expressive capability of the quantum cir-
cuit: when additional qubits are incorporated, the system
may represent information in a higher-dimensional Hilbert
space, thus capturing more complex data characteristics
and correlations. More specific, although the total num-
ber of parameters in the HQ-CNN model increases from 2
to 8 qubits, it remains significantly lower than that of the
classical CNN, highlighting the potential of quantum com-
puting (QC) for future development. Specifically, within
the Quantum Layer, 2—8 qubits correspond to 2—8 param-
eters in the quantumLayer(n_qubits) configuration shown

in Table 2. This demonstrates that even a minimal change
in the number of parameters can significantly impact the
results—an effect not observed in traditional models.

This advantage, however, is accompanied by signifi-
cant constraints. Increasing the quantity of qubits sub-
stantially extends training duration, particularly in clas-
sical simulation contexts, owing to the exponential esca-
lation in quantum state complexity. Furthermore, in the
existing NISQ (Noisy Intermediate-Scale Quantum) hard-
ware environment, the incorporation of additional qubits
frequently results in heightened vulnerability to quantum
noise, rendering training less robust and more prone to er-
rors. As observed in the results, the standard deviation
across all outputs is notably large and fluctuating, exe-
cuting these models on NISQ devices causes instability,
contrary to earlier successful HQ-CNN studies. Frequent
challenges involve overfitting, vanishing gradients, and
hard-to-optimize variational quantum circuits with multi-
ple parameters. These issues highlight the necessity for
improved quantum circuit design, noise-resistant training
methodologies, and, eventually, superior quantum hard-
ware to fully leverage the advantages of hybrid quantum-
classical models.

5 Conclusion

This study explores how varying the number of qubits
affects the performance of a Hybrid Quantum-Classical
Convolutional Neural Network (HQ-CNN) on classifica-
tion tasks. Results show that performance generally im-
proves with more qubits, up to a point, beyond which gains
diminish due to increased circuit complexity and gradi-
ent instability. Configurations with 4-6 qubits offer the
best trade-off between accuracy, efficiency, and training
stability in NISQ-era simulations. While classical CNNs
still outperform HQ-CNN s in tasks like digit classification,
HQ-CNNs exhibit potential advantages in quantum fea-
ture representation under certain conditions. These find-
ings highlight the importance of balancing circuit depth
and qubit count for practical hybrid model deployment.
Furthermore, the analysis indicates that excessive
qubit expansion may lead to barren plateau phenomena,
thereby hindering effective gradient-based optimization
during training. Future research should investigate adap-
tive circuit design strategies and noise-aware optimization
techniques to enhance scalability and robustness of HQ-
CNN architectures on near-term quantum hardware. In ad-
dition, a comprehensive evaluation across diverse datasets
and real quantum processors is necessary to rigorously
assess generalization capability, hardware-induced noise
sensitivity, and the practical feasibility of scaling HQ-
CNN models beyond simulated NISQ environments.
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Table 3. Comparison of CNN and HQ-CNN on MNIST and EMNIST datasets. Metrics reported as mean =+ std.
Dataset Model Qubits Accuracy Precision F1-score Loss Total
parameters
2 0.7522 + 0.7237 + 0.8245 + 0.5305 + 727
0.1698 0.1662 0.1099 0.1863
MNIST HQ-CRN 4 0.8341 + 0.7908 + 0.8647 + 0.4760 + 1333
0.0780 0.0846 0.0535 0.1243
6 0.8772 0.8648 + 0.8838 + 0.3279 = 1939
0.0527 0.0445 0.0481 0.0922
8 0.8927 + 0.8905 + 0.9007 + 0.3044 + 2545
0.0680 0.0621 0.0644 0.1216
CNN - 0.9987 + 0.9978 + 0.9988 + 0.0033 + 15825
0.0003 0.0000 0.0003 0.0028
2 0.6226 + 0.6150 + 0.6520 + 0.6599 + 727
0.0543 0.0651 0.0313 0.0228
EMNIST HQ-CRN 4 0.6703 + 0.6616 + 0.6625 + 0.6078 + 1333
0.0746 0.0594 0.1166 0.0605
6 0.6798 + 0.6819 + 0.6838 + 0.5861 + 1939
0.1126 0.1130 0.1048 0.0719
8 0.6936 + 0.6985 + 0.6850 + 0.5990 + 2545
0.0560 0.0478 0.0748 0.0547
CNN - 0.9862 + 0.9841 + 0.9863 = 0.0451 = 15825
0.0038 0.0091 0.0037 0.0095
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