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We design a new hybrid quantum-—classical convolutional neural network (HQCCNN) model based on parameter
quantum circuits. In this model, we use parameterized quantum circuits (PQCs) to redesign the convolutional layer in
classical convolutional neural networks, forming a new quantum convolutional layer to achieve unitary transformation of
quantum states, enabling the model to more accurately extract hidden information from images. At the same time, we
combine the classical fully connected layer with PQCs to form a new hybrid quantum—classical fully connected layer to
further improve the accuracy of classification. Finally, we use the MNIST dataset to test the potential of the HQCCNN. The
results indicate that the HQCCNN has good performance in solving classification problems. In binary classification tasks,
the classification accuracy of numbers 5 and 7 is as high as 99.71%. In multivariate classification, the accuracy rate also
reaches 98.51%. Finally, we compare the performance of the HQCCNN with other models and find that the HQCCNN has
better classification performance and convergence speed.

Keywords: parameterized quantum circuits, quantum machine learning, hybrid quantum—classical convolu-

tional neural network
PACS: 03.67.Ac, 03.67.Lx, 03.67.—a

1. Introduction

In recent years, machine learning has achieved signifi-
cant results in various fields. The rise of machine learning
technology has taken a greater step forward in human explo-
ration of the field of artificial intelligence. This technology
has numerous applications and achieved significant achieve-
ments in various fields such as computer vision, data mining,
and biomedicine.l'*! In the 20th century, with the introduc-
tion of quantum-mechanical theory, researchers proposed a
more powerful quantum computation based on this theory, >-¢]
which utilizes the superposition and entanglement of quantum
states for computation. Its powerful parallelism provides space
for the acceleration of classical computing.!”! With the devel-
opment of quantum technology, we use noisy intermediate-
scale quantum (NISQ) computers to perform useful computa-
tional tasks and to solve the complex and difficult problems of
classical computers. (891 Then, researchers combined quantum
computing with machine learning and proposed a new con-
cept, i.e., quantum machine learning (QML).['%) Nowadays,
QML has seen a considerable amount of theory and practice,
and has become the core of quantum computing and a world
application for solving problems that classical computing can-
not achieve.

Quantum computers can generate more complex data dis-
tributions and naturally learn patterns in certain data distribu-
tions. QML utilizes quantum computers to achieve compu-
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tational acceleration or better performance for more complex
machine learning tasks.!!'~!13] Parameterized quantum circuits
(PQCs), as a quantum computing model, have powerful par-
allel computing and expression capabilities, providing a broad
and promising solution for quantum machine learning in the
NISQ era.!'-181 PQCs perform specific tasks by adjusting the
parameters of quantum circuits, which are now widely used in
various fields. They have been proven in chemical simulation,
combinatorial optimization, generative modeling, and image
classification.[19-22] Nowadays, researchers have constructed
many quantum machine learning algorithms based on PQCs.
In 2014, Peruzzo et al.!”?! proposed a variational quantum
eigensolver (VQE) and implemented it using photon quantum
processors and classical computers. In 2019, Parrish et al.**!
developed an extension of the variational quantum eigensolver
(VQE) algorithm to form a multistate contracted VQE (MC-
VQE), which can effectively calculate the transition energies
between the molecular ground state and several low-lying
states as the oscillator strength associated with these transi-
tions. In 2021, Xin et al.'>> proposed a new qPCA algorithm
using hybrid classical quantum control, in which parameter-
ized quantum circuits are optimized through simple observ-
able measurements, significantly reducing experimental com-
plexity. In addition, researchers combined PQCs with classical
machine learning to form hybrid quantum—classical machine
learning.[*6-2) Nowadays, with the introduction of multiple
quantum machine learning algorithms based on PQCs, the su-
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periority and better performance of quantum machine learning
algorithms have been strongly demonstrated. "’

A convolutional neural network (CNN) is one of the most
important networks in the field of deep learning. Due to its
parameter sharing and stronger flexibility, CNNs have been
widely used in image recognition, video analysis, natural lan-
guage processing, and other fields. >34 Afterwards, with the
development of quantum information, researchers combined
quantum computing with CNNs to form quantum convolu-
tional neural networks (QCNNs). In 2019, inspired by a clas-
sical CNN, Cong et al.'*! proposed a QCNN for phase code
classification and quantum error correction code optimization,
proving that the QCNN can be used to design quantum er-
ror correction schemes optimized for a given unknown error
model. In 2022, Herrmann et al. 39! implemented a QCNN on
a 7-qubit superconducting quantum processor to identify the
symmetric-protected topology (SPT) phase of a spin model
In 2023,
Chen et al.'®”) proposed two-scale inspired local feature ex-

characterized by non-zero sequence parameters.

traction methods based on a QCNN in the Tensorflow quan-
tum framework for binary image classification, demonstrating
that the QCNN outperforms a classical CNN in image classi-
fication accuracy.

We propose a new hybrid quantum—classical neural net-
work model by combining PQCs with traditional neural net-
works. This model integrates the powerful performance of
PQCs and retains the characteristics of classical neural net-
works. We have redesigned the classic convolutional layer us-
ing PQCs to form a new quantum convolutional layer. More-
over, we integrate the classical fully connected layer with
PQC:s to form a new hybrid quantum classical fully connected

/4 o

Convolution

Pooling

layer, which consists of two classical layers and one quan-
tum layer. The classical image is transformed into quantum
states as input to the quantum convolutional layer, which per-
forms a series of unitary transformations on the quantum state.
The classic pooling layer uses the maximum pooling method
to perform pooling operations. The output classical data as
the input of the first classical layer of the hybrid quantum—
classical connected layer. Afterward, through the evolution of
the quantum layer, the classification is ultimately carried out
by the second classical layer. In this paper, we refer to this
model as the hybrid quantum—classical convolutional neural
network (HQCCNN). Simulation experiments show that the
HQCCNN has stronger learning performance and higher im-
age classification accuracy.

The contribution of this paper are as follows: In Section 2,
we briefly introduce a CNN and PQC model. We provide a de-
tailed introduction to the newly designed model architecture
for the HQCCNN in Section 3. In Section 4, we describe the
simulation experiment and its results. Finally, the conclusion
is drawn in Section 5.

2. Related work
2.1. Convolutional neural network

A convolutional neural network (CNN) is a feedforward
neural network. 33! It is mainly used to process data with grid
structure, such as images (2D grid pixels) and time series data
(1D grid time points).3%41 Its structure mainly consists of
convolutional layers, pooling layers, and fully connected lay-
ers. Figure 1 shows the basic structure of a convolutional neu-
ral network.

Convolution

Fully connected layer

Extract features

Classification

Fig. 1. The architecture of a convolutional neural network.

The filter maps a portion of the input image to a single
neuron output through feature mapping and is parameterized
by an array P with the same size as the input region. The spe-
cific process is as follows:

Al:m,l:n — Z

1<i<m,1<j<n

A; b ;. (D

Suppose that a two-dimensional array A with the size of v X K is
taken as the input of the filter, and the size of the first selected
part area is m X n, the corresponding position of the area is the
upper left corner of A, and then the linear function is used to
map the part of the area. The mapping process is as follows:

The next area slides to the right in steps of s until it
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reaches the right edge of A. Afterwards, repeat the process
until the entire image is traversed. The final output will be a
two-dimensional array of size % X @ If the size of
the input data is a three-dimensional array of v X h x d, the fi-
nal output result of the array obtained through the convolution
operation of k filters with size m x n is % X % x (dk).

After the convolution layer is the pooling layer. The main
purpose is to reduce the dimension of the characteristic map
output by the convolution layer, so as to reduce the calcula-
tion amount of the model and prevent overfitting. Finally, the
fully connected layer is used to connect all neurons, and the
extracted image features are nonlinearly combined to obtain
the output.

2.2. Parameterized quantum circuits

Parameterized quantum circuits (PQCs) are a special type
of quantum circuits, which is composed of parametric unitary

s.[*11 In a typical quan-

gates and nonparametric unitary gate
tum circuit, quantum bits (qubits) operate through a series of
quantum gates, and each quantum gate can perform a spe-
cific linear transformation, for example, Pauli gates (X,Y,Z),
Hadamard gates, and CNOT gates. However, in parameter-
ized quantum circuits, some or all of these quantum gates are
replaced by parameterized single quantum bit gates, such as R,
gates or R, gates. They can be passed through parameters 6 to

adjust the rotation angle. Common quantum gates are defined

“

According to the quantum circuit U (w), the input quan-
tum state |x) obtains the output quantum state |y) through a
series of unitary transformation in the parametric circuit, that

is, [y) = U(w)|x), where w is the parameter of the quantum
circuit. PQCs can combine different quantum gates to design

different quantum algorithms.

3. Hybrid quantum—classical convolutional neu-
ral network

3.1. Quantum convolutional layer

The quantum convolutional layer is composed of multi-
ple quantum filters with PQCs, which preserves the weight
sharing characteristics of classical convolutional layers.*?!
This layer utilizes quantum filters to perform feature mapping
and extraction on all qubits in the local space of the input
image.!*3! Quantum filters convert classical image data into
quantum states and utilize the properties of quantum paral-
lelism and entanglement to enable quantum convolutional lay-
ers to achieve more accurate recognition and extraction of im-
age features on low-dimensional images. In addition, due to

as follows: the nonlinearity of quantum computing, quantum filters can
1o 1T enhance the model’s representation ability, enabling it to cap-
Z= {0 1} , H= \ﬁ [1 1] ) () ture more complex data patterns. We use different types of
quantum gates to design PQCs in quantum filters, which con-
sist of single-qubit layers and double-qubit layers. The struc-
1000 . . Lo .
0001 ture of the designed quantum filter is shown in Fig. 2. A single-
CNOT= 1041 0l" (3)  qubitlayer consists of R, gates, and multiple CNOT gates form
0100 double-qubit layers.
10) —} 1Ry} +—
(I -
i :
0.8]0.3 |0) — | Ryora) +—
- 5
77777 N 5
| 10) —+IRyas) g
Input i Output
[0) — | Rycua)
\ \ | |
Data Single-qubit Two-qubit Measurement
encoding gate gate gate

Quantum filter

Fig. 2. The designed quantum filter architecture. It includes single-qubit layers and two-quantum layers. A single qubit layer consists
of multiple R, gates, each containing an adjustable parameter. Multiple CNOT gates form a double qubit layer, which act on two
adjacent qubits. Here CNOT; ; represents the control of the ith and jth qubits through double-qubit gates.
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In quantum convolutional layers, due to the limitation of
the number of qubits, we first preprocess the classical input
image to reduce its dimensionality to m X m and normalize
the pixel values to within the range of [0, 1]. Then, obtain the
feature vector x, which is converted into the corresponding an-
gle information ¢, and perform quantum state encoding on
the preprocessed classical data. In this process, we use angle
encoding to encode the angle information ¢ corresponding to
the vector as the rotation angle of single-qubit gate R, to per-
form quantum state encoding on the preprocessed images, as
expressed by the formula

2
|Wimage) = @1 Ry (4)[0)1]0)2--+[0) _1)2[0) 2= (5)

Afterwards, the obtained quantum state is subjected to
unitary transformation and use the Pauli-Z gates to measure
the expectation value. Finally, we obtain a classical output £
with a dimension of 1 x m?, as expressed by the formula

E = (Wimage|UT(8)(Z1,. ... Zn)U (0) | Wimage ) (©6)

where (Z;,...,Zy) is the Z operator acting on different qubits.
The mapping process in the quantum convolution layer
is nonlinear, so no additional nonlinear function is required to

Pk
% s
Quantum Input [y, X 4_)(&
convolutional |=——p |
layer )(9 Xﬂ )(ﬁ
HE
)(19

clarify. The required number of qubits is determined by the
defined window size. Here, we use 4 qubits to preserve convo-
lutional features as many as possible, and extract hidden infor-
mation from quantum states. In the problem of gradient opti-
mization, we adopt the quantum natural gradient optimization
algorithm (QNGOA),** which can make the direction of gra-
dient descent not target any parameter and has stronger gen-
eralization ability while accelerating the convergence speed of
the network model.

3.2. Max-pooling layer

This layer adopts the method of maximum pooling, !
with the aim of further reducing the dimensionality of the
image information extracted by quantum convolutional layers
to reduce computational costs, enhance the feature invariance
and robustness of the image, and improve the performance of
the training model. This layer divides the input image into
multiple small regions and selects the maximum value within
the divided small regions to extract the strongest significant
features of the image. Furthermore, the extracted maximum
values are merged to form a new feature map and converted
into a one-dimensional array as input for subsequent sections.
The detailed process of maximum pooling is shown in Fig. 3.

u Output
— Hybrid quantum-classical
aﬂ fully connected layer

Fig. 3. Detailed process of maximum pooling.

Quantum filter

A
A U (w)

py - E
h )5/ U

Convolution

Input

D) 'S)
O (@) oo
(@) ©) N
@) @) »!
Parameterized 02
O O
quantum O3
: layer ; :
O @] 08
(@] (@) 09
O ©}

Flatten
Max-pooling

Fully connected Fully connected

Feature learning

Classification

Fig. 4. Architecture of the hybrid quantum—classical convolutional neural network (HQCCNN). This layer is composed of two classical
fully connected layers and one variational quantum layer. The input image is feature extracted and dimensionally reduced through quantum
convolutional layers and maximum pooling layers, and compressed into multiple planes as input for the hybrid quantum—classical fully
connected layer. The quantum layer is used for classification, and the second classical layer outputs the classification results.

3.3. Hybrid quantum—classical fully connected layer

After the max-pooling layer, there is a hybrid quantum—
classical fully connected layer, which consists of two clas-
sical fully connected layers and one parameterized quantum
layer. The purpose of this layer design is to ensure the quan-
tity of input and output features. Its structure is shown in

Fig. 4. This layer converts the merged feature images of the
maximum pooling layer into X features as input, where the
value of X is the total number of encoding parameters deter-
mined by the quantum part. Then, the features are classified
through the quantum layer, and the output is used as the input
of the second fully connected layer and mapped to 10 output
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features to achieve the purpose of classification. After each
classical layer, apply batch normalization and ReLu activation

functions.[40:47]

3.4. Structure of the quantum layer

The quantum layer of the HQCCNN includes a data en-
coding layer, a variable layer, and a measurement layer. The
designed parameterized quantum layer is shown in Fig. 5. This
layer uses the classical image feature data of the previously
classical layer as the input of PQCs, and encodes it into quan-
tum states through the encoding layer. This section is jointly
completed by H gates and R, gates.

The encoding process is as follows:

The H-gate is used to convert the initialized quantum state
|0) ®---®|0) into an entangled state, as expressed by the for-

1 29—1

=7 ;0 li). @)

We use angle encoding to encode classical data fea-
tures into quantum states.[*8! Apply classical data X, (g =
1,2,3,...) to the angle parameter 6, = arctan(x,) to gen-
erate 2q rotation angles; ;> controls the rotation of the R,
gate around the y axis, and resulting in a quantum state of
(%) )R, (arctan(x,))H|0) 4.

Multiple CNOT gates and single-qubit rotation gates form
variable layers. The image feature information encoded by
quantum states undergoes a series of unitary transformations
in the variable layer. The number of qubits used in this article
is 4, so the design process of variable layering is as follows:

(25 "R, (w;)CNOT, 3CNOT, ;CNOT ;)

mula
1 . CNOT( 3(CNOT; 3CNOT(2)(CNOT3 1CNOT» ),  (8)
(H10))7 = —=(10) +[1)* |
1 where CNOT; ; refers to the double-qubit gate controlled at
= E(|O>®”'®|O>+"'+|1>®"'®|1>) the ith and jth qubits.
A — e =
i |0) — H —R, (arctan(wo))—:-i—Ry (wo) —O i ; @ :
i ! I |
| i N Hwal
i |0)—— H — R, (arctan(zl))—ﬁ_Ry (w1) O i i {E i
| I [ |
i |0) — g — R, (arctan(zs)) ii —0 O —Ry (wz) i
I ! 1 |
| I [ |
i |0y — H — R, (arctan(s)) ii o — R, (ws3) : | |

Data encoding layer

Variational layer Measurement layer

Fig. 5. The structure of parameterized quantum circuits in the quantum layer. The architecture consists of three parts: encoding layers,
variable layers, and quantum measurement layers. The encoding layer is composed of H gates and R, gates, the variable layer is
composed of R, gates, and the Pauli-Z gates form the quantum measurement layer.

The quantum measurement layer is used to output quan-
tum states, measures each quantum state, and extracts useful
information as much as possible from the quantum circuit, as
expressed the formula

F(x:0) = (0|U; (x)U; (6:)ZU3(6,)Us(60)|0)
= (x|U; (6,)2U;(8)|x), )

where Up(x) represents the conversion of x into a quantum
state in the encoding layer, and U;(6;) represents the rotation
of a single qubit.

3.5. Quantum natural gradient optimization algorithm

In order to improve the convergence speed of the model
and more effectively achieve the optimization task of image
classification, and avoid the impact of gradient disappearance
or explosion on the experimental results, we use QNGOA to

update the parameters of the quantum system. This algorithm
is a quantum version based on natural gradient optimization,
which considers the special geometric shapes of the quantum
state space. In quantum systems, small changes in parameters
can lead to significant changes in quantum states due to the
properties of Hilbert space. By introducing the Fubini—Study
metric tensors[*’! to measure the importance of different di-
rections in the parameter space to adjust the direction and step
size of optimization, we select the specific optimization pro-
cess of QNGOA as follows:
Let the loss function L(x; ) be

T

L(x;:0) = (0|Ug (x)U (6:)HU;(6:)Uo (69)[0)

= (x|U (6) HU;(8))|x). (10)

Here, Up(x) is the quantum R, gate used for angle encoding,
and the Pauli-Z matrix is the Hamiltonian operator of the loss
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function. The gradient of the middle loss function is

dL(x; 6;)
26,

=%P0ﬂ+§)—4ﬂ@—§ﬂ- (an

Finally, the iterative-discrete time dynamic system is used

VL(x;0) =

to find the local optimal solution of the loss function L(x; 0),

. 1
61 = argmin {(9 —6,VL(6,)) + EHQ - 9’“;(6[)] , (12)

||9*9z||§(9,):<9*9178(9t)(9*9t)>7 13)

where 7 is the learning rate and g( ;) is the Fubini—Study met-
ric tensor.

4. Experimental results and analysis

In the experiment, we use the tensorflow quantum
framework ! on the classical computer to complete numer-
ical simulations of the experiment. For the HQCCNN, we use
the backpropagation algorithm to optimize the parameters of
the classical parts to calculate the loss function and gradient,
and allow it to be optimized by gradient descent.>!l However,
in the quantum parts, we employ the QNGOA to guide the op-
timization process by using the measurement of quantum state
space.

We use the MNIST dataset to simulate and analyze the
HQCCNN. For each class in the MNIST dataset, we randomly
select 200 images with a size of 28 x 28 as the training set and
40 images as the test set. In order to comply with the current
quantum experimental simulation environment, we downsam-
ple on the images and ultimately obtained 2000 training im-
ages and 400 test images of size 4 x 4.

The setup of this experiment is as follows: We conduct
binary and multivariate classification on the selected MNIST
dataset to test the classification performance and accuracy of
the HQCCNN. Then, we conduct performance analysis and
comparison with a CNN with the same structure. To further
demonstrate the performance of the HQCCNN, we conduct
multivariate classification comparison experiments with other
models. In binary and multivariate classification tasks, we use
one and two classical hidden layers containing ReLu nonlinear
functions, respectively, and use the classic optimizer Adam[>?!
to optimize parameters. Set the batch size to 32, the learning
rate to 0.01, and the number of epochs to 100.

4.1. Evaluation indicators

In order to evaluate the performance of the HQCCNN
more intuitively, the ultimate goal is to minimize the loss func-
tion during optimization, and we take the loss value of the
training set and the accurate value of the test set as metrics.

We use the cross-entropy function as the loss function. The
function is defined as

k
H=-Y ylogp, (14)
c=1
where p, is the probability vector predicted by the model, y. is
0 or 1, which is used to determine whether the image belongs
to the predicted category, and k is the number of categories.
Accuracy is defined as

1 i=1
Acc = N ;(argmaxpc =Y), (15)

where N represents the size of the testing set and the position
of the maximum output value of the argmax function in a vec-
tor.

Accuracy

Fig. 6. The result of binary classification accuracy.

Loss Accuracy

1.6

0.4
10 20 30 40 50 60 70 80 90 100 110
Epoch

Fig. 7. The results of multivariate classification. The blue curve repre-
sents the accuracy of classification, and the brown curve represents the
loss value.

4.2. Binary classification and multivariate classification

In this section, we perform binary and multivariate classi-
fication on the selected MNIST dataset, where the HQCCNN
sets up a quantum convolutional layer with a quantum con-
volution kernel and no pooling layer. The results of binary
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classification are shown in Fig. 6. As can be seen from Fig. 6,
the HQCCNN has the highest classification accuracy. Among
them, the classification accuracy of numbers 5 and 7 is the
highest, i.e., 99.71%. The lowest classification is the numbers
2 and 8, which is 92.19%. We conduct 100 epochs in the ex-
ecution of the multivariate classification task, with the highest
accuracy reaching 98.51%. The final loss value is 0.0336. The
results are shown in Fig. 7.

The experiment shows that the HQCCNN is fully suit-
able for binary and multivariate classification tasks. However,
from the overall classification results, in binary classification
tasks, when other numbers are classified with 8, the classifi-
cation accuracy is significantly lower than other numbers. In
addition, there is also a state of unstable classification accu-
racy when performing multivariate classification. The reason
for these results may be that when downsampling the dataset,
the similarity of individual images increases due to the loss of
features.

4.3. Comparative experiment

We explore the differences in classification performance
between the HQCCNN and CNN. We set the HQCCNN and
CNN to two similar structures, that is, they have the same
number of parameters, and divide the experiment into two
groups, one with pooling layers and the other without pool-
ing layers. Then, classify the 10 classes of the MNIST dataset
and analyze the changes in the result curves. The HQCCNN is
set to 1 convolutional layer and 2 convolutional kernels. The
CNN has a convolutional layer filled with 1, containing 2 con-

(a) 1.6
14l —— HQCONN
’ —+— CONN
1.2
1.0 - :
@ VA ‘\_(-. A .
2 0.8 N Ty S
= \\/\- \r"\n" \\./, N’h .
0.6 \\
0.4 \
\%
0-2 iy oo RN
s P
0.0
©) 6
: —— HQUCNN
1.4 1\ CNN
1.2
W 1.0
8
3 0.8
RGN NN
0.6 \
o0 \
0.2 e et
0.0
—10 0 10 20 30 40 50 60 70 80 90100

Epoch

volutional kernels of size 2 x 2, with a step size of 1 and an ac-
tivation function of ReLu. Finally, there is a classic fully con-
nected layer with the ReLu activation function. For a group
with pooling layers, both of them are set to have 1 pooling
layer, and both use max pooling with a step size of 1 and a
kernel size of 2 x 2. The loss values of the training set and the
accuracy of the test set are shown in Fig. 8.

Next, in maintaining a similar structure between the
HQCCNN and the CNN, we conduct a complex binary clas-
sification experiment. The experimental setup is also divided
into two groups, one with the pooling layer, and the other with-
out the pooling layer. The classification results are listed in Ta-
bles 1 and 2. In addition, we conduct comparative experiments
on our model with another HQCNN 33! and differential convo-
lutional neural network, *! the results are shown in Fig. 9.

From Fig. 8, it can be seen that in the group without pool-
ing layers, the loss values of the HQCCNN and the CNN are
almost the same. However, the classification accuracy of the
former is far superior to the latter. In the group with pooling
layers, it is more evident that the HQCCNN has higher classi-
fication accuracy and faster convergence speed. From Tables 1
and 2, it can also be seen that the HQCCNN has better classifi-
cation performance and stronger learning ability compared to
the CNN. Experiments show that under similar structures, the
HQCCNN performs better than the CNN. The experimental
results in Fig. 9 demonstrate that our model performs better
than the HQCNN and differential neural networks in multi-
variate classification tasks.
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Fig. 8. The numerical comparison results between the HQCCNN and the CNN. [(a), (b)] The numerical results without adding pooling
layers, where the solid grey line represents the results of the HQCCNN and the red line represents the CNN. [(c), (d)] The results of
adding pooling layers, where black represents the result of the HQCCNN and cyan represents the CNN.
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Fig. 9. Comparison of the numerical results between the HQCCNN and other models. Here the black curve represents the HQCCNN,
the red curve represents the HQCNN, and the blue curve represents the differential convolutional neural network.

Table 1. Binary classification results with pooling layer.

Tasks Model Experimental setup Accuracy
Odd number 0.9157
Even number HQCCNN with pooling layer 0.9241

Both 0.9184
Odd number 0.9012
Even number CNN with pooling layer 0.8912

Both 0.8981

Table 2. Binary classification results without pooling layer.

Tasks Model Experimental setup Accuracy
Odd number 0.9318
Even number HQCCNN without pooling layer 0.9397

Both 0.9412
Odd number 0.9147
Even number CNN without pooling layer 0.9078

Both 0.9083

5. Conclusion

In this paper, we propose a new model of hybrid
quantum—classical convolutional neural networks, which re-
places the classical part by designing PQCs to form a new
quantum convolutional layer and a new hybrid quantum-
classical fully connected layer. This method greatly improves
the feature extraction and classification accuracy of images,
and accelerates the convergence speed. We use the designed
HQCCNN to perform binary and multivariate classification on
the MNIST dataset to test model performance, and then con-
duct comparative experiments with a CNN. The results show
that under similar structures, the HQCCNN outperforms the
CNN in classification performance and convergence speed.
Finally, we compare the model with other models to further
demonstrate the performance of the HQCCNN.

In the future, the development of quantum computing pro-
vides the possibility to solve complex classical problems. Due
to the limitations of qubits, there are still significant issues in
the processing of ultra-high dimensional data. Therefore, for
ultra-high dimensional images, we must perform dimension-
ality reduction processing on the images. However, various
factors such as noise can greatly reduce the accuracy of image

feature extraction, which greatly affects the accuracy of im-
age classification. With the continuous efforts of researchers,
quantum computers that can facilitate the processing of high-
dimensional data problems are constantly emerging, which
further enhances the possibility of solving more complex clas-
sical problems.
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