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We redesign the parameterized quantum circuit in the quantum deep neural network, construct a three-layer structure
as the hidden layer, and then use classical optimization algorithms to train the parameterized quantum circuit, thereby
propose a novel hybrid quantum deep neural network (HQDNN) used for image classification. After bilinear interpolation
reduces the original image to a suitable size, an improved novel enhanced quantum representation (INEQR) is used to
encode it into quantum states as the input of the HQDNN. Multi-layer parameterized quantum circuits are used as the
main structure to implement feature extraction and classification. The output results of parameterized quantum circuits
are converted into classical data through quantum measurements and then optimized on a classical computer. To verify the
performance of the HQDNN, we conduct binary classification and three classification experiments on the MNIST (Modified
National Institute of Standards and Technology) data set. In the first binary classification, the accuracy of 0 and 4 exceeds
98%. Then we compare the performance of three classification with other algorithms, the results on two datasets show that
the classification accuracy is higher than that of quantum deep neural network and general quantum convolutional neural
network.

Keywords: quantum computing, image classification, quantum—classical hybrid neural network, quantum im-

age representation, interpolation
PACS: 03.67.Ac, 03.67.Lx, 03.67.—a

1. Introduction

Recently, the rapid development in quantum comput-
ing indicates that quantum computer has immense potential,
which has brought about a ground-breaking transformation
in the field of computer science.!'3! The three principles of
quantum physics: parallelism, interference and entanglement,
have greatly improved the computing speed of quantum com-
puter compared with classical computers.*! However, qubits
are extremely vulnerable to environmental impact, resulting
in bit flipping or phase flipping errors. Due to the decoher-
ence and gate infidelity, near-term quantum computer can only
implement shallow quantum circuit depth, which is named
as noisy intermediate-scale quantum (NISQ).!>%! A quantum—
classical hybrid algorithm has been proposed to adapt to NISQ
devices, which refers to train a parameterized quantum cir-
cuit with a classical optimizer and can be used to maximize
the quantum advantages.!”8! The key element in quantum—
classical algorithm is parameterized quantum circuits (PQCs),
which can be considered as the neural networks in classi-
cal machine learning and are often called quantum neural
networks. [>-1°!

Currently, most quantum algorithms adopt this hybrid
structure, such as quantum convolutional neural networks, ']
quantum approximation optimization algorithm,'?! and quan-
tum support vector machines.!!3! In Ref. [14], the author used
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variational quantum circuit as neurons and designed a hybrid
quantum—classical architecture, demonstrating that its perfor-
mance in binary classification is 10% higher than that of a sin-
gle variational quantum circuit. A hybrid quantum—classical
convolutional neural network was designed in Ref. [15], to
conduct experiments on different earth observation bench-
marks, proving that it is more general and has faster convo-
lution operations than the classical counterpart. Additionally,
in Ref. [16] the authors designed a hybrid structure and gave a
method to automatically calculate the gradient of the loss func-
tion. Quantum neural networks have also been applied in mul-
tiple fields of machine vision, such as image segmentation,!!”!
classification,"®! recognition,!'” and encryption.[? A hot
topic in quantum computing is the design of efficient param-
eterized quantum circuits for image processing, particularly
In 2022, Li et al. designed a hy-
brid quantum—classical convolutional neural network to re-

in image classification.

alize image classification, in which a quantum convolutional
layer was employed to carry out linear unitary transforma-
tions on quantum states.”!! In Ref. [22], Mishra and Tsai
designed two different efficient parameterized quantum cir-
cuits for image classification tasks and achieved good results
on the MNIST (Modified National Institute of Standards and
Technology) and CIFAR-10 datasets. In Ref. [23] Alam et
al. demonstrated that using trainable quantum filters in quan-
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tum convolutional neural networks can yield more accurate
classification results than untrained filters. A quantum deep
neural network (QDNN) was formed by stacking several lay-
ers of quantum neural networks, and the design of each layer
adopted a hybrid quantum—classical algorithm architecture. It
has been demonstrated that QDNN can consistently approxi-
mate arbitrary continuous functions and has a greater ability to
represent data than classical deep neural network.>+23! On the
other hand, multi-layer network structures can achieve good
training effects, making quantum machine learning during the
NISQ period a good choice.

The premise for calculating in parameterized quantum
circuits is that classical data must be encoded as quantum data.
Two main methods are prevalently used to encode images into
quantum states. One is to transform the classical data rep-
resentation of an image into quantum states, such as angle
encoding. The other is to directly represent an image using
quantum states, known as quantum image representation. Cur-

rently, flexible representation of quantum images (FRQI)!?6-7]

and the novel enhanced quantum representation (NEQR) 28,291
are the most prevalent methods. However, in existing image
processing tasks using quantum neural networks, ground-state
encoding methods instead of quantum image representations

30-331 FRQI encodes the color and its corresponding

are used.!
position information of the image into a normalized quantum
state.>*¥ NEQR is an improved method of FRQI, the differ-
ence is that multiple qubits are utilized to represent the color
information of the image. !

Different from previous research, in this paper we de-
sign a quantum—classical hybrid quantum deep neural network
(HQDNN) and construct a three-layer parameterized quantum
circuit as the hidden layer. In addition, we implement image
classification with images represented by an improved novel
enhanced quantum representation (INEQR), which preserves
more of the features of the image, thereby achieving more ac-
curate classification results. Furthermore, in order to better
adapt to NISQ machines, we use bilinear interpolation to re-
duce the dimensionality of the images before encoding, 2031
so that fewer qubits are used to represent the image, thereby
reducing the circuit depths of PQC. In the following we sum-
marize the main contributions of this article: (1) The param-
eterized quantum circuit in the quantum deep neural network
is redesigned to make the quantum encoding independent of
the quantum neural network layer, realizing the use of quan-
tum circuits to process quantum images. (2) Introducing quan-
tum image representation into quantum deep neural networks.
Quantum data retains the pixels and geometric relationships
of the image, achieving better results in image processing. IN-
EQR can encode 2™ x 2" images instead of just square ones.
(3) Bilinear interpolation is employed for reducing the scale of
the image, which can reduce the overhead of quantum circuits

and is more suitable for current NISQ equipment.

The structure of this paper is arranged in the following
manner. Section 2 introduces the encoding method of IN-
EQR, as well as the structure of parameterized quantum cir-
cuits. Section 3 mainly includes the steps of classification and
the design of quantum deep neural network. In Section 4, the
feasibility of the method is proved by experiments. Section 5

summarizes the main work of this paper.

2. Preliminaries
2.1. Deep neural network

The classic deep neural network (DNN) consists of in-
put layer, multiple hidden layers, and output layer, in which
the input layer and output layer can be composed of multi-
ple neurons, and all the layers are fully connected. DNN uses
a forward propagation algorithm to calculate layer by layer
until the output result is obtained. Multi-layer affine trans-
formation and nonlinear activation functions make DNN have
strong representation capabilities. Therefore, DNN is widely
used in many fields of machine learning. Assuming that the
affine transformation in DNN is written as z = Y} w;x; + b, the
activation function is 6(z), the output of the j neuron in the /
layer pg can be written as

P; = O'(le) = 6( Z wﬁkpf;l —&-blj), (1)
k=1

where n denotes the number of neurons in [ — 1 layer. Then,
a loss function is selected, and the comparison between the
output results of the neural network and the actual results is
fed back to the previous layer of network through the back
propagation method, thereby adjusting the parameter values
to achieve training of the neural network.

2.2. Parameterized quantum circuit

Quantum circuits are the representation of quantum al-
gorithms and are composed of quantum gates. The combi-
nation of different quantum gates forms quantum circuits that
can fulfill various algorithm requirements. *°! Mathematically,
unitary matrices can represent the quantum gates that perform
transformation operations on qubits. According to the general
approximation theorem in neural networks, in an any small
error range, we can always find a quantum circuit to repre-
sent the objective function. In parameterized quantum cir-
cuit (PQC), some quantum gates contain variable parameters
that can be trained and updated like parameters in neural net-
works. A typical PQC is hardware-efficient circuit,[*!! which
consists of several layers of elements, each comprising a layer
of entanglement and a sequence of one-qubit rotation gates.
The entanglement layer consists of multiple controlled NOT
gates, and the rotation gate is a simple transformation of the

060310-2



Chin. Phys. B 33, 060310 (2024)

unitary matrix. For example, if a rotation gate is written as

.0, . .
Uj(6;) = exp(—i»Hj), sz =1, where H; is one of Pauli-X,
Pauli-Y, and Pauli-Z matrices, U;(6;) denotes the single qubit
rotation gates R,, Ry, and R,. Common parameterized quan-
tum gates include

_ e 0 ~ (cos(%) —sin(9)
RZ“”‘( 0 ) wr0)=(Gd) s} )
10 0 O
cos(?) —isin(9) 01 0_9 0
wx0) =) eot) ) O 0068 o
00 0 &7
2

3. Image preprocessing

At NISQ era, quantum computer is affected by the lim-
itations of the number of qubit and quantum circuit depth.
At present, unrestricted quantum computing cannot be con-
structed, making quantum computation difficult. To reduce
the processing difficulty and further reduce the depth of the
quantum circuit, we use bilinear interpolation to reduce the
scale of the image before encoding. Furthermore, in order to
be more suitable for image processing tasks, we use quantum

image representation to encode the image into quantum states.

e Initial point

Py @ Points interpolated once
i @ Points after

bilinear interpolation

y
Q12 Q2 Q2
(z,y)
| —
Q@ Q1 Q1 Q21
e

x

Fig. 1. The steps of bilinear interpolation. Among them, x and y donate
position information of this image, and p represents the pixel value.
Conduct a linear interpolation in the x direction firstly, then perform
the linear interpolation again in the y direction, and finally calculate the
pixel value. The image on the right shows pixels at any position.

3.1. Image scale reduction

Bilinear interpolation is often used to transform low-
resolution images into high-resolution images, but if the points
around the original image are ignored while interpolating the
target pixels, the purpose of reducing the scale of images can
be achieved. The algorithm calculates the value of the target
pixel based on linear interpolation in two latitudes, involving
a grid of four neighboring points. If we want to get the corre-
sponding pixel value at coordinates (x,y), we need to find the
four nearest pixels around it, and interpolate according to their
weights. The weight here is determined by the distance of the
coordinates and the gray value of the corresponding position.
The steps of interpolation can be seen Visually from Fig. 1.

F(01) = floy) = Z o f@)+ T f(Qa), )

X2 —X

X2 —X

f(Q2) = f(x,y2) = __x f(Q12) + x—_)i:l f(02), &
y2-y Y=
flxy) = [y fen+ - f(Qz) Q)

Given the position coordinates of four points Q11 (x1,y1),
O12(x1,¥2), O21(x2,y1), Oxn(x2,y2) and the corresponding
pixel values Py, P2, P»1, P the interpolation point to be
solved is point Q and its corresponding pixel P. First calcu-
late the x-coordinate values Q and @, according to Egs. (3)
and (4), and then calculate the y-coordinate through Eq. (5) to
obtain the coordinates of point Q. The same steps are used for
solving the pixel P, and details are not repeated here. After di-
mensionality reduction preprocessing of the images, we obtain
the image sets that need to be classified.

3.2. Image encoding

Next, in order to enable the images to be processed on the
quantum circuits, we use INEQR to encode them into quan-
tum images. Given a general gray-scale image, supposing the
size of image is 2" x 2", and the gray-scale value between 0
and 29 — 1. The encoding idea of INEQR is similar to that
of NEQR, but when encoding position information, differ-
ent number of qubits are used for two directions of X and Y
axes.?”! The formula is expressed as

M2

Y Z £V, X))|YX)

3" Y=0 X=i
—12"—

771+n Z Z ®

in which ¥;,X, € {0,1}, Ciy € {0,1},i=g—1,g—2,...,0,
F(¥.X)) = |Gy ' Tl - Clx Cix), f(Y.X) € (0,27 — 1] indi-
cates the gray-scale values of the image represented in quan-
tum state. |[YX) =
the pixel in the quantum image.

|CYX YX), (6)

|Y}|X) denotes the position information of

INEQR uses m qubits to encode the X coordinate, n qubits
to encode the Y coordinate, that is to say, m 4+ n qubits are used
for position information of the quantum image. In addition, g
qubits are used to encode the gray value. In this way, for an
image with m x n pixel values between [0,29 — 1], a total of
m+ n+ g qubits are needed to represent it for INEQR. The
encoding method is shown in Fig. 2.

00 01 10 11 X

0 [ £(0,00))[£(0,01)){[£(0,10)){| £(0,11))

L1 (1,00 #(1,01))] f(1,10))

Y

Fig. 2. The encode method of INEQR. For images with different lengths
and widths, two coordinates are encoded using a different number of
quantum bits. As is shown it is a 4 X 2 image, with 2 bits on the X axis
and 1 bit on the Y axis to represent its position information.
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4. Hybrid quantum deep neural network

Different from classic DNN, the network layer of quan-
tum deep neural network is composed of PQC. We design
three layers of PQC as hidden layers and use classical opti-

mization algorithms to train the parameters of PQC, thereby

00000000 2

proposing a hybrid quantum deep neural network (HQDNN).
Different from the deep neural network in Ref. [24], our en-
coder is set before the neural network and uses quantum im-
age representation, which preserves more geometric features
than traditional angle encoding. The specific flow chart of the
algorithm is shown in Fig. 3.

00 3

11001000 11111111

:;;E}j;éjf;g_
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— (ki Adam
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\
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Fig. 3. Specific steps of the HQDNN algorithm. For the original image, bilinear interpolation is first used to reduce its size, then the
INEQR is used to encode the picture represented by classical data into quantum states, and finally the classification is achieved using a
quantum—classical hybrid structure. The quantum circuits in the quantum processor are responsible for extracting image features and
implementing classification, while the classical processor serves as an auxiliary to optimize the parameters in the quantum circuit.

4.1. Hybrid quantum—classical structure

The quantum-—classical hybrid algorithm is proposed to
adapt to NISQ devices. Its main design idea is to combine
quantum computers with classical computers to solve prob-
lems, so as to break through the limitations of current quan-
tum computers that can only implement finite qubit calcula-
tions. The structure of the quantum classical hybrid algorithm
is very similar to the machine learning model, but the classical
optimizer is used to optimize a quantum circuit instead of a
neural network, as shown in Fig. 4.

Classical processors

’ CalculateH Optimize

Quantum processors

[0)

Quantum :]

state

Measurement,

A

PQC
U(6)

Update

Fig. 4. Hybrid quantum classical structure, training quantum neural
networks with classical optimizer.

HQDNN is composed of multiple quantum neural net-
work layers (QNNLs). The design of QNNLs adopts the struc-
ture of a hybrid quantum—classical algorithm, using parame-
terized quantum circuits (PQCs) to prepare and process quan-
tum states in quantum processors, and optimizing parameters
in classical computers.

A PQC can be expressed as
!
u(e)=[1u;)), @
j=1
in which @ = (04, ..., ;) indicates parameters that can be opti-

mized, U;(6;) represent the rotation gates. Given a PQC U (0)
and a Hamiltonian H, where H is an observable projection
operator, commonly used is Pauli Z, the loss function can be
defined as the form L = (0|U'(6)HU(6)|0). Then the opti-
mization of loss function L can be achieved by updating pa-
rameters @ using gradient-based algorithms. Adam optimizer
is used in the subsequent experiments of this article.

4.2. Quantum deep neural network layer

Once the image has been represented as quantum states,
it can then be processed by the quantum circuit. In this sec-
tion, we mainly introduce the quantum circuit structure for
classification tasks. Each layer in a quantum neural network
is equivalent to a nonlinear function. However, since quan-
tum gates are unitary matrices and their transformations are
linear, it is crucial to introduce nonlinearity in the quantum
neural network layer. Otherwise, the network layer will be-
have like an affine transformation, making no difference. In
previous research, a PQC is employed as an encoder to trans-
form input classical data into nonlinear quantum states. Here
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|v)(z) = U(x)|yo), with  being the input, and |yp) repre-
senting the initial state. The transformation also designed as
a PQC, which is analog to linear transformation designed in
classical DNNs. For the output, fixed Hamiltonians are used
as measurement, the quantum state is converted into classical
data in this step. In the HQDNN of this article, the quantum
encoding adopts the method of quantum image representation,

<
I |
1
RZ(0) 2
Rotation Pauli Z 3
n
RY(0)
Rotation Pauli Y
Rotation Pauli X Measurement

therefore, it is an part independent of QNNL.

As shown in Fig. 5, we construct a parameterized quan-
tum circuit that represents a QNNL, the HQDNN is composed
of three network layers. The circuit mainly consists of a se-
quence of controlled rotating Z-gates and rotating Y -gates, the

results are obtained through quantum measurement.

Fig. 5. The ansatz circuit of the transformation which is composed of multiple layers, and each layer consists of controlled RZ and
RX, RY rotation gates, where RY (6) and RX (0) can cause amplitude changes, RZ(0) can generate phase changes.

Algorithm 1 Design of quantum circuit

Define function circuit(inputs, weights)

initialize PQC as [RZ,X] * (n/2)
for qub in range n_qubits do
apply Hadamard gate to qub

if (qub*n+i) < len(inputs)

execute PQC[i] gate with parameter inputs[qub % n -+ i] on qub

1
2
3
4
S: for i in range n do
6
7
8
9

else

: pass
10: end if
11:  end for
12: for / in range n_layers do
13: for i in range n_qubits do
14: apply CRZ gate with parameter weights [/,i] on [i, (i 4+ 1)%n_qubits|
15: end for
16: for j in range n_qubits to 2 * n_qubits do
17: apply RY gate with parameter weights [/, j] on j % n_qubits
18: end for
19: for i in range (n_qubits)] do
20: Initialize expectations as [qml.expval (qml.PauliZ(i))
21: end for
22: end for

23: return expectations
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It is not difficult to find that in QDNN, the quantum deep
neural network layer’s input and output are classical data. Af-
ter introducing INEQR, our input becomes a quantum state,
which is equivalent to replacing the encoder with a quantum
image representation. The design process of parameterized
quantum circuits is shown in Algorithm 1.

4.3. Circuit learning

Gradient-based optimization algorithm is currently most
commonly used and effective in neural network training. To
calculate the gradient of the parameters in the circuit, suppose
that the ansatz is expressed in the following form:

I
L0~
vO) = [1Ui(6), U6 =exp(~iZ/H,),  ®
=1
therefore
0, —
Vo Ui(6;) = _ElHjUi(ei)- &)

Notably, Uj.x represents U;---Uj, therefore we have the ex-
pected value of a measurement as follows:

(B(8)) = Tt(BUp1 pinputU} - (10)

Taking the derivative of 6;, we can get

J

i
de,(B(9)) = —ETY(BUM[Hj,Ujfl:1PinputU]T,1;JU1Tj), (11)

and because

T . T 2
Uj(a):exp(—lsz):coszl—lstHj,
(T T
0 (3)=u(-3) (12
we can get

o1 =3[u(3)o0) (3) -0 (2)oui (2)]-

Replace 6; here with 7 and —7 to get the gradient of 6;

20,(8(6)) = 2e(BULs U (5 ) piU" () U1
- et (- o0 (-3
(14)

where p; = j;lpinme;].

In this way, we obtain the gradient values of the circuit pa-
rameters, so that gradient-based optimization algorithms can
be used to update and optimize them.

5. Numerical experiments and analysis

Two evaluations will be conducted in this section. To ad-
just the size of the images, bilinear interpolation is used in
the first evaluation. In the second evaluation, the classification
performance of the HQDNN is compared to that of two other
algorithms.

5.1. Bilinear interpolation scale reduction

Since only shallow quantum circuits can currently be im-
plemented, we first reduce the image size before classifying
the image. We select the MNIST data set, whose original pic-
tures include 28 x 28 numbers 0-9. We notice the character-
istics of the handwritten digits dataset, in which most of the
images are located in the middle and are elongated. Therefore,
we use bilinear interpolation to convert it to a size of 8 width
and 10 height, which is more consistent with the characteris-
tics of the data set and saves circuit overhead compared to the
28 x 28 size in literature. In addition, in some previous works,
the image was reduced to 8 x 8, but due to the characteristics
of the numbers in the MNIST dataset, more qubits should be
needed in y-direction than that in x-direction to make it closer
to the original data. Therefore, we believe that setting it as a

square is unreasonable.

717

AR

Fig. 6. The ansatz circuit of the transformation which is composed
of multiple layers, and each layer is composed of controlled RZ and
RX, RY rotation gates, where RY (0) and RX(0) can cause amplitude
changes, RZ(0) can generate phase changes.

Figure 6 shows the comparison before and after interpo-
lation. It can be seen that the density of effective informa-
tion in the picture accounts for a larger proportion. Due to
24 < 28 < 23, for the 28 x 28 images, the position information
of the image must be encoded using 10 qubits. Similarly, an
8 x 8 image requires 6 qubits to encode positional information,
while an 8 x 10 image requires 7 qubits. Compared to using
NEQR to encode images into squares, INEQR only uses an
additional quantum bit to retain more image information, and
higher resolution images clearly achieve better performance in
subsequent processing.

0.9
0.8
0.7
0.6

0.5

Accurac,

0.4

0.3

0.2

0.1

—0.0

Fig. 7. Result of binary classification accuracy using BIQDNN. The
two horizontal axes represent the numbers 0-9, and the vertical axis
represents the classification accuracy value. The accuracy value at the
intersection of x and y is the classification result of them.
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5.2. Classification performance dataset, classify it pairwise. The results are shown in the 3-
5.2.1. Binary classification dimensional histogram below. It is evident that the average

To confirm the classification effect of our HQDNN which ~ classification accuracy is above 0.9, which is at a high level.
improved quantum deep neural network using bilinear inter- The classification accuracy of 0 and 4 exceeds 0.98, indicat-

polation and INEQR encoding, we first conducted a binary  ing that the HQDNN algorithm can achieve high accuracy in
classification experiment on the numbers 0-9 in the MNIST  image classification.
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Fig. 9. Accuracy and loss value results of three classifications: (a) the accuracy of the 2, 4, and 6 training datasets, (b) the loss value

of the 2, 4, and 6 training datasets, (c) the accuracy of the 2, 4, and 6 validation datasets, (d) the loss value of 2, 4, and 6 validation
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5.2.2. Comparative experiment

Then, we compared the HQDNN with the angle-encoded
quantum deep neural network!>* and the single-layer quan-
tum convolutional neural network, selecting two subsets in the
MNIST data set, namely, 1,7,9 and 2,4,6. Each small data
set contains 1200 images. In order to make the comparison
effect more convincing, the HQDNN and QDNN both have a
three-layer structure, but they use different encoding methods,
while the HQDNN and QCNN both use INEQR encoding, but
their network structures are different. In addition, we all used
the Adam optimizer in these three networks, set the learning
rate to 0.01, and repeated 50 epochs. Figure 8 shows the result
of classifying 1, 7, and 9. From the graph, it is quite obvious
that the classification accuracy of the HQDNN is slightly supe-
rior than that of QDNN using simple angle encoding, and both
of them have higher classification performance than single-

layer quantum convolutional neural networks. The HQDNN
can achieve an accuracy of 0.983 in the training set, with a
loss value of 0.063. The effects of validation set is generally
lower than that in training set, with a convergence accuracy of
around 0.898 and a loss value of around 0.326. The training
accuracy of QDNN is around 0.956, with a loss value around
0.122. The validation set accuracy is about 0.893, and the loss
value is about 0.332. The classification performance of single-
layer quantum convolutional neural networks is significantly
lower than that of quantum deep neural networks. The train-
ing set’s accuracy is 0.846, and it has a loss value of 0.397.
The validation set has a accuracy and loss value of 0.781 and
0.606, respectively. Similarly, Fig. 9 is the result of classifying
2, 4, and 6. In order to see a more accurate comparison, we
have compiled the results of the three classification methods
on two datasets into Table 1.

Table 1. Classification result statistics.

Method Dataset 246 Dataset 179
tr_acc tr_loss va-acc va_loss tr_acc tr_loss va_acc va_loss
BIQDNN 0.983 0.063 0.898 0.326 0.948 0.148 0.880 0.320
QDNN 0.956 0.122 0.893 0.331 0.940 0.157 0.835 0.472
QCNN 0.846 0.397 0.781 0.606 0.863 0.326 0.798 0.511
Lo [ the training set. Additionally, the validation accuracy value of
9 ?yw Y A 2, 4, 6 datasets quickly tends to stabilize, but the validation ac-
0.8 /ff/ / curacy value of the 1, 7, 9 datasets has a slight downward trend
5 O Pl after increasing. However, we believe that this does not affect
5 o6l /( / ‘Qé%/\/\‘ the evaluation of the model’s classification performance, be-
}; o5l / - cause different datasets may exhibit differences in model per-
' formance due to their data characteristics.
04 — . . . . .
» 1 don inally, in order to manifest the performance superiority
0 Finall der t fest the perf t
31 T Ref43] of our designed model, we compare its classification perfor-
0-2 mance with the hybrid quantum convolutional neural network
1.6 \ —_HQDN (HQCNN) in Ref. [42] and the differential convolutional neu-
1.4 \ T Ee (;i] ral network in Ref. [43] using datasets 1, 7, 9 as an exam-
1.2 \ ple. The results are shown in Fig. 10, the classification perfor-
5 10 \ \ EQ mance of the HQDNN is generally better than that of HQCNN
S 08 \ r ‘-4\'“/’»\:“ and differential neural networks. In addition, it can be seen
0.6 \ that the HQCNN has a faster convergence speed, but the final
0.4 \ S \ convergence accuracy is lower than the HQDNN.
RSN
0.2 4
0.0 6. Conclusions
-5 0 5 10 15 20 25 30 35 40 45 50 55

Epoch
Fig. 10. Classification performance comparison of the HQDNN with
the HQCNN in Ref. [42] and differential convolutional neural networks
in Ref. [43].
Observing the overall trend of the curves in Figs. 8 and
9, it is not difficult to find that the accuracy of the training
set for both sets of data has been continuously increasing and
gradually approaching the highest value, while the accuracy
convergence speed of the validation set is faster than that of

In the NISQ era, classical quantum hybrid algorithms
have become the main method to save quantum resources. The
network layer in quantum deep neural networks adopts this
structure and achieves good performance in image classifica-
tion tasks. This article proposes a novel hybrid quantum deep
neural network using a three-layer parameterized quantum cir-
cuit as the hidden layer. INEQR encodes classical images into
quantum images as input to the HQDNN, the data is comprised
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of not just pixel values, but also the geometric relationships of
the images. Before encoding, this article uses bilinear interpo-
lation to change the size of the image, encoding the image with
fewer bits and preserving image information as much as possi-
ble. The experimental results in MNIST demonstrate that the
improved method has higher classification performance than
quantum deep neural networks using simple angle encoding
and other models. In future work, quantum image representa-
tion methods can be applied to various fields of machine vi-
sion, such as image segmentation, and object recognition. It
can also be combined with different neural networks, such as
ensemble learning.
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