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ABSTRACT Recent advancements in quantum machine learning have spurred the development of hybrid
quantum-classical convolutional neural networks (HQCCNNs), which have demonstrated promising poten-
tial for image classification tasks. Building on the operational principles of classical transposed convolutional
neural networks (CNNs), we introduce a novel quantum variant: the Quantum Pseudo-Transposed Convo-
lutional Neural Network (QPTCNN). The QPTCNN adapts the concept of classical transposed CNNs to the
quantum domain, leveraging a hybrid quantum-classical framework that combines a quantum convolutional
layer with a classical fully connected layer. In the QPTCNN, the quantum convolutional layer emulates a
transposed convolution operation, ensuring that the output feature map retains the same dimensions as the
input image. This is accomplished using rotational angle encoding and a ring-structured quantum circuit,
interconnected by two-qubit control gates such as CNOT and CRY gates, facilitating efficient quantum
convolution. We evaluated the performance of the QPTCNN on the MNIST and Fashion-MNIST datasets,
with two distinct versions of the model: Model A, which utilizes a CNOT-gate entanglement circuit, and
Model B, which employs a CRY-gate entanglement circuit. The results demonstrate that both Model A
and Model B achieve strong performance across the datasets. However, Model A outperforms Model B,
achieving higher classification accuracy and lower loss compared to earlier models. These findings suggest
that theQPTCNN is highly capable of learning and extracting relevant feature information from input images,
making it well-suited for high-performance image classification tasks. This work represents a significant
advancement in quantum-enhanced image classification.

INDEX TERMS Convolutional neural networks, quantum pseudo-transposed convolutional neural networks,
quantum circuits, transposed convolution.

I. INTRODUCTION
The convolutional neural network (CNN), first proposed by
LeCun et al. [1] in 1989, is one of the most influential
deep learning algorithms. Its structural features, including
local connectivity, weight sharing, and downsampling, have
enabled its use in image processing tasks. With advance-
ments in deep learning theory and numerical computation
technology, CNNs have undergone rapid development. Con-
sequently, several new CNN models have been introduced,

The associate editor coordinating the review of this manuscript and
approving it for publication was Tony Thomas.

such as AlexNet [2], VGGNet [3], and GoogLeNet et al.
[4], which have demonstrated impressive performance across
various aspects of computer vision, including image clas-
sification [5], [6], [7], object detection [8], [9], [10], and
semantic segmentation [11], [12], [13].

Achieving the highest possible data processing speed
has always been a primary objective for researchers and
engineers. In addition to these algorithms, the hardware
of computing systems plays a crucial role in information
processing. The rapid advancement of nano-integration tech-
nology has significantly contributed to the miniaturization of
integrated circuits, thereby enhancing the operational speed
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of electronic computers. However, constrained by Moore’s
Law [14], the operating speed of electronic computers is
expected to peak within the next few years [15]. Fortunately,
the advent of quantum computers that leverage quantum
phenomena such as entanglement and coherence holds the
promise of exponentially accelerating information process-
ing [16], [17]. This emerging technology is a powerful tool
for tackling complex problems and managing vast datasets.
Although fully universal quantum computers have not yet
been realized, existing quantum computer models, such
as Google’s ‘‘Sycamore’’ superconducting quantum com-
puter [18] and the ‘‘Jiuzhang-3’’ optical quantum comput-
ers [19], have already demonstrated quantum supremacy in
specific tasks, including random circuit sampling and Gaus-
sian boson sampling. The distinct computational advantages
of quantum computing offer new possibilities in machine
learning. Consequently, exploring methods for implementing
machine learning algorithms on quantum computers, as well
as effective integration strategies between quantum and clas-
sical computing, has become a prominent research area for
advancing efficient information processing.

Recent studies have demonstrated that it is feasible and
beneficial to replace certain components of conventional
machine learning systems with their quantum counter-
parts [20], [21], [22], [23], such as substituting classical
convolutional kernels with quantum circuits [24], [25], [26],
[27], [28]. Therefore, the construction of quantum versions
of CNNs has drawn considerable attention. Recently, some
significant effort has been made to explore quantum CNN
(QCNN). For instance, Cong et al. [24] proposed a full QCNN
including convolutional, pooling, and fully connected layers.
In addition, the QCNN can accurately identify quantum states
associated with topological phases protected by symmetry,
as evidenced by the training results for near-term quantum
devices. However, this QCNN model is limited to the pro-
cessing of quantum data and cannot directly handle classical
datasets. To address this limitation, Henderson et al. [29]
replaced the classical convolutional layers in CNNs with
quantum convolutional layers, which use random quantum
circuits for local transformations to perform convolutional
operations. These quantum layers generate featuremaps anal-
ogous to those produced by classical convolutions and can
be highly effective for image classification tasks. Building
on Henderson’s work, integrating the principles of CNNs
into QCNNs has become a promising research direction.
For instance, Monnet et al. [30] developed a quantum ver-
sion of a pooling layer to enhance network expressiveness.
Recently, Chen [31] applied the concept of dilated convolu-
tion in classical CNNs to quantum convolutional layers to
optimize QCNNs. This scheme allows the quantum convo-
lution operation to capture more features and information by
expanding the receptive field of the convolutional kernel with
a fixed kernel size. Based on the quantum cavity convolu-
tion method [22], Ovalle-Magallanes et al. [32] proposed a
learnable rotation angle encoding scheme implemented by

multiple quantum convolutional circuits, which also led to
improved classification accuracy on the MNIST dataset.

It is well known that the classification accuracy of con-
volutional neural networks (CNNs) in image classification
tasks fundamentally depends on the capacity of CNNs to
extract the feature information of an image, which in turn
augments its expressiveness. Classical transposed convolu-
tion techniques facilitate the expansion of low-dimensional
feature maps into higher-dimensional spaces, which can lead
to more feature information of the input image captured by
the transposed CNNs [33]. Inspired by classical transposed
CNNs, we extend the concept of transposed convolution to
QCNNs and assess their possible potential in image clas-
sification tasks. However, similar studies have not been
reported.

Compared to traditional CNNs, the obvious feature of
classical transposed CNNs is that the output feature map
matches the input image (i.e., the dimensions of the input
image and its feature map are identical or approximate).
Such a feature is determined by the special structure of the
convolutional layers of transposed CNNs, that is, standard
convolution layers plus a transposed convolution layer, which
is the duty to implement the inverse-like convolutional oper-
ation. Drawing on the characteristics of classical transposed
CNN, we propose a quantum variant. Specifically, we replace
the standard convolution operation in classical transposed
CNNs with a scaling operation on the input image by invok-
ing a scaling function to generate a scaled-down image with
the same size as that obtained by the standard convolution
operation. The transposed convolution layer in a classical
transposed CNN is instead a quantum convolution circuit
that performs a transposed-like convolution operation. The
architectures of QCNNs in [24] and [30] are similar to our
model, which has a hybrid quantum–classical CNN frame-
work, where a classical fully connected layer is placed at the
end of the network. Because the quantum variant emulates
the classic transposed CNN to behave similarly (feature map
matching with the input image), we refer to it as a quantum
pseudo-transposed CNN (QPTCNN). Based on the MNIST
and Fashion-MNIST datasets, we evaluated the performance
of the QPTCNN, in which the entanglement circuits with
the CNOT-gates ring connection structure and the CRY-gates
ring connection structure are individually considered. For
simplicity, the QPTCNN is designed with the CNOT-gate
entanglement circuit as Model A and that with CRY-gates
as Model B. The results indicate that under specific learning
rates, Model A achieves optimal classification accuracies of
0.91 on the MNIST dataset and 0.835 on the Fashion-MNIST
dataset, which surpasses those of the optimal QCNN model
in [32] for the MNIST dataset by 1.11% and in [31] on the
Fashion-MNIST dataset by 3.75%. Notably, although Model
B performs slightly weaker than Model A on the Fashion-
MNIST dataset, it still maintains significant advantages in
terms of accuracy and loss values compared with those in [31]
and [32]. This suggests that the QPTCNN possesses strong
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expressivity, ensuring that it is well-suited for high-accuracy
image classification tasks.

II. BACKGROUND OF QUANTUM COMPUTING
A. QUANTUM STATES AND QUANTUM GATES
Quantum bits are the fundamental units of information pro-
cessing in quantum computers. Unlike classical bits, which
only represent two different states commonly denoted as
0 or 1, qubits can not only represent states of 0 and 1 but also
remain in superposition states of these two states, such as

|ψ⟩ = α |0⟩ + β |1⟩ , (1)

where |ψ⟩ represents the superposition state of qubit, |0⟩ =

(1, 0)and |1⟩ = (0, 1) are quantum basis states in Dirac
notation, respectively, α and β individually correspond to
the probability amplitudes of qubit at states |0⟩ and |1⟩, and
|α|

2
+ |β|

2
= 1 holds. Similarly, for an N -qubit system

spanned by an 2N -dimensional Hilbert space, the general
superposition state can be expressed as

|ψ⟩ =

2N∑
n=1

αn |n⟩ , (2)

where |n⟩and αn represent the n-th basis vector of the
N -qubit system, and the corresponding probability ampli-
tude αnsatisfies the normalization condition

∑2N
n=1 |αn|

2
= 1.

Quantum gates are the basic units for implementing quantum
computing. Common quantum gates include the Hadamard
gate (H -gate), CNOT-gates, and rotation-gates. These gates
have different functions in the transition of quantum states.
By applying a single quantum gate or composite gate to a
quantum system, the expected quantum state (final state) can
be obtained from the initial state of the quantum system. The
features of the common gates, including the math presenta-
tion and map properties, are given in Appendix A.

B. QUANTUM CIRCUITS
Quantum computing is implemented using quantum cir-
cuits, which typically consist of many quantum gates with
adjustable parameters. By acting on qubits in a particular
order, a quantum circuit can perform various operations
and realize certain quantum algorithms. The general circuit
architecture of quantum computing includes three modules,
as shown in Figure FIGURE 1: encoding, entanglement, and
measurement layers. The specific features of each module are
as follows:

1) ENCODING
A quantum circuit is responsible for processing quantum
information. Therefore, classical data must be transformed
into quantum states (i.e., to encode classical information into
quantum information) when classical datasets are used within
a quantum circuit.

A general framework for the encoding process of a classi-
cal dataset X = {xi} into a quantum state can be described as

follows:

X → |ψX ⟩ = E (X)| ψ0⟩ , (3)

where |ψ0
〉
and |ψX

〉
denote the initial and final quantum

states of the circuit, respectively, prior to and following the
data encoding. The operator E (X) represents the encoding
operation, and its specific form depends on the encoding
schemes employed, such as basis encoding [34], amplitude
encoding [35], and angle encoding [36], which correspond to
different implementations.

Notably, a novel encoding method known as learnable
rotation angle encoding (LRAE) was reported in [32], where
classical information can be encoded into the quantum state
of the qubit by the rotation gate. Usually, adopting the LRAE
scheme allows for a significant reduction in the circuit depth,
thereby lowering the computational complexity. Therefore,
it was also used in this study. For a quantum circuit with
M -input channels (qubits) with initial state |ψ0

〉
, the encoded

quantum state |ψX
〉
using the LRAE with the Ry-gate can be

expressed as:

|ψx
〉
= ⊗

M
m=1RY (xm · θm) |ψ0

〉
, (4)

where RY (xm · θm) represents the encoding map of a Ry-gate
acting on the m-th input qubit to encode the normalized data
xm in the classical dataset X into quantum state |ψX

〉
and θm

is the trainable rotation angle parameter in the m-th quantum
channel. These components are integrated into the encoding
quantum circuit, allowing the effective transformation of clas-
sical information into quantum states.

2) ENTANGLEMENT EVOLUTION
After the encoding process, all the qubits across different
wires in a quantum circuit remain independent and uncor-
related. However, upon the implementation of the quantum
gate circuit, that is, the unitary operations are performed on
different wires, the encoded quantum bits become entangled,
enabling information sharing among them. The circuit that
facilitates the entanglement of different channels is referred
to as ansatz [37]. As highlighted in [38], four connection
topologies, including star, chain, ring, and full connec-
tion topologies, can be employed to construct the ansatz.
Each topology offers distinct advantages and affects the effi-
ciency and performance of the entanglement process.

FIGURE 1. Diagram of general circuit structure in quantum computing.
It usually includes three key components: the encoding layer, the
entanglement evolution layer, and the measurement layer.
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To denote |ψx
〉
as the quantum state of the encoded qubits,

the quantum state after executing the ansatz circuit can be
expressed as

|ψx
〉
→ |ψy (x, θ)

〉
= U (θ) |ψx

〉
, (5)

where U (θ) represents a sequence of unitary operations per-
formed by quantum gates of a specific form

U (θ) =

N∏
m=1

Um (θm), (6)

where Um (θm), m = 1, 2, 3, . . . ,N , represents the unitary
operation of the m-th quantum gate (which may be either
a single-qubit rotation gate or a two-qubit controlled gate)
in Ansatz, and θmrepresents the trainable parameter corre-
sponding to the rotation angle used in the encoding process.
To emphasize that two-qubit controlled gates, such as the
CNOT-gates and CR-gates, are vital for generating quantum
entanglement in theAnsatz circuit. In addition, the interaction
between these gates and their associated parameters deter-
mines the quantum dynamics and computational capabilities
of quantum circuits.

3) QUANTUM MEASUREMENT
Following the entanglement evolution, in which the encoded
information becomes delocalized throughout the quantum
circuit, a quantum measurement is performed on the local
observable O⊗m (e.g., Pauli operators σ⊗m

i , i = {x, y, z}with
m ≤ q, and q denotes the total quantum channels (or qubits)
of the quantum circuit) within the entangled state |ψy(x, θ)

〉
generated by the entanglement circuit. The expected value of
the observable O⊗m after repeated measurements is given by

Y (x, θ) =
〈
|ψy (x, θ)

〉
|O⊗m

| |ψy (x, θ)
〉〉

=
1
m

m∑
k=1

Ok ,

(7)

where m represents the number of measurement repetitions
and Ok denotes the outcome of the k-th measurement. The
quantum measurement process corresponds to the decoding
process in which classical information is retrieved in the form
of the output vector Y (x, θ) (i.e., the expected value of an
observable O). This classical information can subsequently
be processed using a classical computer for further analysis
and application. This integration of quantum and classical
information underscores the essential role of measurements
in quantum computations and information processing.

III. METHODS
A. CONVOLUTION OPERATION
The convolutional layer in CNNs performs a critical opera-
tion known as ‘‘convolution,’’ which is essential for feature
extraction from input images and the subsequent generation
of feature maps. This operation involves a linear computation
characterized by a weighted summation of the input data.
During the convolution operation, a feature extractor, referred

to as a convolution kernel or filter, was applied to the local-
ized regions of the input image. Mathematically, this filter
is represented as a two-dimensional (2D) array of learnable
parameters that are adjusted during the training process to
optimize feature extraction. The projection region of the filter
on the input image is also known as the receptive field,
which can be described as a 2D array (or vectors) with pixel
elements in the receptive field. The convolution operation
corresponds to the dot product of the two 2D vectors of the
filter and the receptive field to generate an output featuremap.
To denoteH = {hm,n} andX = {xi,j} as the vectors of the filter
and receptive field with size M × N , respectively, the output
map labeled as Y = {yi,j} can be expressed as

yi,j =

M−1∑
m=0

N−1∑
n=0

hm,nxi+m,j+n, (8)

whereyi,j represents the value of the output feature map at
position(i, j), xi+m,j+n, and hm,n individually represent the
pixel value of the input image at position (i + m, j + n)
and the corresponding weight hm,n assigned by the filter.
By repeatedly implementing the above convolution operation
as the filter shifts with a certain stride (or step size) to scan the
entire input image, the network can capture various features,
such as edges, textures, and more complex patterns.

We denote li and wi (i = in, out) as the length and width of
the input image (i = in) and the output feature map (i = out),
respectively, and the length and width of the output feature
map under a stride sof the filter can be expressed as

lout =

⌊
lin −M + 2P

s
+ 1

⌋
, (9)

wout =

⌊
win − N + 2P

s
+ 1

⌋
, (10)

where p denotes the padding hyperparameter. According to
(9) and (10) for p = 0 (no zero-padding to the input image),
the size of the feature map generated through the convolution
operation is always smaller than that of the input image, that
is, lout < lin and wout < win with p = 0.

B. TRANSPOSED CONVOLUTION NERUAL NETWORK
The transposed convolution introduced by Zeiler et al. [39]
serves as an inverse-like operation to standard convolu-
tion, which can increase the spatial size of feature maps to
recover low-resolution prediction maps. The primary dis-
tinction between the standard convolution and transposed
convolution is that the backward propagation update protocol
has been adopted in the former and backward propagation for
the latter. Two approaches exist for implementing transposed
convolution [40]. First, the transposed convolution operation
is realized by the transposed convolution kernel (directly
transposing the weight matrix of the convolution kernel).
Second, the transposed convolution kernel was simulated
using the standard convolution operation. However, for the
latter, the input feature map must be preprocessed before
the convolution operation begins. Specifically, we first insert
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FIGURE 2. Architecture of a transposed convolutional neural network (CNN) with simulation scheme of transposed convolution. It is composed of a
standard convolutional layer followed a transposed convolutional layer, and a fully connected layer.

s− 1 rows and s− 1 line zeros into the input image and then
add N − P− 1 rounds of zero values around the boundary of
the image (p,N , and s are the parameters in (9) and (10)). The
post-processed input image ensures that the final feature map
generated across the standard convolution operation matches
the input image.

In FigureFIGURE 2, the general architecture of a trans-
posed CNN adopting a simulation scheme is presented. This
architecture comprises three main components: a standard
convolutional layer, a transposed convolutional layer, and
a fully connected layer. During the image processing, the
CNN first extracts features from the input image with no
preprocessing, such as ‘‘digit 3,’’ via the standard convolu-
tional layer, obtaining a smaller feature map than the input
image. Then, to preprocess the small feature map using the
zero-padding scheme in the simulation transposed strategy
and input the post-processing image into the following quan-
tum convolutional circuit, the transposed convolutional layer
can produce a final feature map that closely matches the
dimensions of the original image. In addition, a classical fully
connected layer was set at the end of the network to output the
predicted results.

C. QUANTUM PSEUDO-TRANSPOSED CONVOLUTION
NERUAL NETWORK
In this section, in the spirit of classical transposed CNN,
as illustrated in Figure FIGURE 2, we propose a quantum
variant known as QPTCNN.As depicted in FigureFIGURE 3,
a uniform scaling operation in our model acting on the input
image was used to replace the standard convolution layer in
Figure FIGURE 2. In addition, we constructed quantum con-
volutional circuits to substitute for the classical convolutional
network. In our model, the last classical fully connected layer
remained unchanged. The specific features of each module
in the QPTCNN and the image-processing process are illus-
trated below.

For clarity, one takes an example of the input image ‘‘dig-
ital 3’’ with length lin and width win to display the execution
of QPTCNN. As shown in Figure FIGURE3, the scaling
function was first utilized:

S (x) = resizeS (x, klin, kwin) , (11)

with the scaling factor k (k > 0) to generate a resized picture
with length lout = klin and width wout = kwin, which are the
same as those given in (9) and (10), respectively, produced by
the standard convolutional layer in Figure FIGURE2. Here,
the resize function has been integrated into libraries such as
OpenCV and PIL and can be invoked directly. To preprocess
the resized image via the zero-padding technology as in the
classical transposed CNN, one can obtain the image of size
l ′in × w′

in with l ′in = 2 (M − p− 1) + (lout − 1)(s − 1) and
w′
in = 2 (N − p− 1)+ (wout − 1)(s− 1), which serves as the

input of the quantum convolutional circuit (QCC). Here, each
classical datum (i.e., the pixel value of the image) in the recep-
tive field is encoded into a qubit (or quantum channel) via an
H -gate followed by an Ry-gate performing the LRAE
scheme. Thus, to save quantum resources (the number of
qubits), a filter of size 2 × 2 is usually adopted. Sub-
sequently, the quantum entanglement circuit denoted as
U (θ ) is constructed using single or two-qubit rotation
gates. In our subsequent experiments, the ring configura-
tion with the CNOT-gates (or CRY-gates) was adopted (see
Figure FIGURE 4).
The CNOT-gates and CRY-gates connections between

neighboring quantum channels of the quantum circuit can
enable the generation of the entire entanglement state, mean-
ing that the input classical data (information) encoded by
each quantum channel is delocalized into the entire QCC (i.e.,
completing the information share). That is, unitary evolution
U (θ ) produces a global quantum entanglement state. Then,
the quantum measurement onto the observable Pauli opera-
tors σi and i = {x, y, z} is implemented (σz is selected in
our experiments in subsections) to decode the information
encoded in the entanglement state into classical information
(extract the feature information of the input image from the
entanglement state) to form the final feature map of size
l ′out × w′

out . Notably, the feature map matches the input
image, that is, l ′out = lin and w′

out = win. At the end of
the QPTCNN, a classical fully connected layer, followed by
a softmax activation function, is employed to finalize the
classification of the input image. For brevity, the QPTCNN
incorporating the CNOT-gates entanglement circuit shown
in Figure FIGURE4 (a) is designated as Model A, and
that utilizing the CRY-gates entanglement circuit shown in
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FIGURE 3. Diagram of QPTCNN implementing with an input image ‘‘digital 3’’ as an example. It involves the resizing operation with scaling function on
the input image instead of the standard convolutional process in classical transposed CNN shown in Figure FIGURE 2, and a quantum transposed
convolutional layer and a classical fully connected layer are followed to accomplish image recognition.

Figure FIGURE4 (b) is referred to as Model B. Here, it is
noted that except for the structural differences of quantum
entanglement circuits in Models A and B, another primary
difference is the number of trainable parameters in the two
models. For the square filter of size N × N , there exist N 2

trainable rotation angle parameters from the RY-gates acting
on theN 2 input qubits in the encoding layer, and no parameter
for the entanglement layer with CNOT-gates connection in
Model A. However, for Model B, it is twice that in Model A,
owing to N 2 CRY-gates being involved in Model B.

IV. EXPERIMENTS
In our experiments, we mainly focus on the performance
of QPTCNNs with different quantum circuit layers, that is,
Models A and B. Specifically, based on the MNIST and
Fashion-MNIST datasets, we estimate the test accuracy and
loss value of our models with different stride s, s = 1, 2, 3,
fixed filter size M = N = 2, and parameter p = 0.
Before achieving the feature map through the QPTCNNs,
the input image undergoes the following processes. First,
in terms of (9) and (10), each input image with lin=win =

28 in the MNIST and Fashion-MNIST datasets is scaled to

lout (s) = wout =

⌊
26/

s+ 1
⌋
with s = {1, 2, 3} by the

resize function, that is, setting the scaling factor k in (12) as
ks = lout (s)

/
lin. Then, the resized image of size lout × wout

via the zero-padding technology is transformed into the same
size, l ′in (s) = w′

in (s) = 29 with s = {1, 2, 3}. Following
the quantum pseudo-transposed convolutional layer with 2×

2 filters, a feature map of the same size as that of the input
image, that is, lout = wout = 28, can be generated.

A. DATASETS
The MNIST [41] and Fashion-MNIST [42] datasets are two
datasets, that are widely applied in the field of computer
vision. The MNIST dataset consists of images of handwrit-
ten digits, and the Fashion-MNIST dataset is composed of

FIGURE 4. The ring-structure circuits interconnected with the CNOT-gates
in (a) and the CRY-gates in (b).

images of fashion items across ten categories, such as shirts,
pants, and shoes. Each image in both datasets was a grayscale
image with the dimensions of 28 × 28 pixels. Both MNIST
and Fashion-MNIST contain 60,000 training samples and
10,000 testing samples. In our experiments, we randomly
selected 1,200 samples for the training set and 200 samples
from the same set for the testing set. Such an approach to
sample selection allows for quicker iterations during the train-
ing process, facilitating rapid experimentation and tuning of
the model parameters. Random sampling from the dataset
helps mitigate potential biases that may arise from using
specific subsets, ensuring a more generalized evaluation of
the model’s performance. By this method, we can maintain a
balance between the computational efficiency and robustness
of our performance assessment.

B. EXPERIMENTAL ENVIRONMENT
We conducted the experiments on a local computer equipped
with an Intel Core i5-7300HQ processor and NVIDIA
GeForce RTX 1050Ti with 4GB of dedicated GPU mem-
ory. The quantum convolutional circuit in QPTCNN was
constructed using TensorCircuit [43], an open-source, high-
performance quantum computing software developed by
Tencent Quantum Lab. TensorCircuit is an advanced tensor
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FIGURE 5. Variations of test accuracy and loss value as epoch times on the MNIST dataset for Model A in (a) and Model B in (b) when the different
stride s, s = 1, 2, 3, are taken.

FIGURE 6. Variations of test accuracy and loss value as epoch times on the Fashion-MNIST dataset for Model A in (a) and Model B in (b) when the
different stride s, s = 1, 2, 3, are taken.

networkmodel [44] built on industry-standardmachine learn-
ing frameworks such as PyTorch [45], TensorFlow [46],
and JAX [47] It seamlessly integrates deep learning inter-
faces and engineering paradigms, enabling features such
as automatic differentiation, just-in-time compilation, vector
parallelization, and GPU acceleration. This makes TensorCir-
cuit particularly suitable for building and optimizing quantum
circuits, as well as executing quantum algorithms. Further-
more, the gradient updating process in QPTCNN is managed
using PyTorch.

V. RESULT
Based on models A and B, we trained and tested them
on the MNIST and Fashion-MNIST datasets, respectively.
Figure FIGURE5 shows the variations in the loss and
accuracy of models A and B as epochs on the MNIST
dataset when different strides (s = 1, 2, 3) are selected,
and Figure FIGURE6 shows the Fashion-MNIST dataset.
As shown in Figure FIGURE5, Models A and B exhibit
rapid convergence to a relatively high classification accuracy
and low loss value on the MNIST dataset. Subsequently,
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TABLE 1. Results of Model A and Model B on the MNIST and
Fashion-MNIST datasets with different strides s.

TABLE 2. Comparison of optimal results for different QCNNs on the
MNIST and Fashion-MNIST datasets.

the performance remained stable, with minor fluctuations
in subsequent epochs. A similar pattern is observed in
Figure FIGURE6 for the Fashion-MNIST dataset. These
results demonstrate that our QPTCNN model possesses
strong learning capability and relatively stable output. Addi-
tionally, Figure FIGURE5 and Figure FIGURE6 show that
the performance of the model (in terms of classification
accuracy and loss value) is influenced by the stride parameter
s. when s = 2 was used, both Models A and B achieved their
best performance.

In Table 1, we compare the optimal performance of the two
models on the MNIST and Fashion-MNIST datasets across

different stride s. It was found that both Models A and B had
the highest accuracy and lowest loss for stride s = 2, and
they have the same optimal accuracy (0.9100) on the MNIST
dataset, but a lower loss value (0.335) appears in Model
A than in Model B with 0.4728. On the Fashion-MNIST
dataset, although Model A required a slightly longer epoch
time than Model B, it consistently outperformed Model B
in terms of both accuracy and loss. Thus, QPTCNN with
fewer parameters (Model A with four parameters) outper-
formed the situation with more parameters (Model B with
eight parameters) in the classification tasks. In addition, com-
parisons of the optimal performance of our QPTCNNs and
other QCNNs on the MNIST and Fashion-MNIST datasets
are presented in Table 2. It can be observed that the optimal
QPTCNN (i.e., Model A stride s = 2) also outperforms
the existing QCNN models [31], [32], and [43] with a sim-
ilar hybrid quantum-classical CNN framework. Specifically,
on the MNIST dataset, the optimal QPTCNN achieved an
accuracy improvement of 1.11% and a reduction of 9.29%
in loss compared to the best model previously proposed
in [32]. Similarly, on the Fashion-MNIST dataset, our model
achieved an accuracy of 0.8350 and a loss of 0.5197, surpass-
ing the best model from [31] by 3.73% accuracy and reducing
the loss by 41.29%. The above results suggest that our model
with the quantum pseudo-transposed convolution framework
has strong learning capability and can capture richer feature
information.

VI. CONCLUSION
Inspired by the operational characteristics of classical trans-
posed convolutional neural networks (CNNs), we have
developed a quantum variant, i.e., the QPTCNN model. The
QPTCNN employs a hybrid quantum-classical framework,
combining a quantum convolutional layer with a classical
fully connected layer. By incorporating image preprocessing
steps, the quantum circuit layer in the QPTCNN mimics a
transposed convolution operation, ensuring that the output
feature map retains the same size as the input image. In the
QPTCNN model, we utilized single-qubit rotation gates and
Hadamard gates to construct an encoding layer based on the
rotational angle encoding protocol. The quantum convolu-
tional layer is designed using a ring-structure quantum circuit
interconnected by two-qubit control gates, such as CNOT
and CRY gates. This structure allows the model to perform
the quantum convolution operation effectively. To optimize
quantum resource utilization, a 2×2 filter was applied in our
experiments, reducing the number of qubits required. In terms
of the MNIST and Fashion-MNIST datasets, we evaluated
the performance of two versions of the QPTCNN: Model A
utilizing aCNOT-gate entanglement circuit andModel Bwith
the CRY-gates entanglement circuit. The results demonstrate
that the QPTCNN is a high-performance CNN model with
significant learning power and an enhanced ability to capture
important feature information. Notably, Model A can exhibit
superior classification accuracy and lower loss across both
datasets compared to similar existing models.
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This study makes a step forward in improving image
classification accuracy, highlighting the potential for quan-
tum computing to enhance high-precision image recognition
tasks. It might also offer significant insights for optimizing
other neural network architectures, advancing the integration
of quantum computing with deep learning.

APPENDIX A
A. MATH REPRESENTATION AND OPERATION OF
QUANTUM GATES
The general quantum gates applied in a single qubit include
the Hadamard gate (H -gate), rotation-gates, and phase gate
(P -gate). The matrix representations are given as

H =
1

√
2

[
1 1
1 −1

]
(H−gate) , (A1)

Rx (θ) =

 −isin
(
θ
2

)
−isin

(
θ
2

)
cos

(
θ
2

)
 (RX − gate) , (A2)

Ry (θ) =

 cos
(
θ
2

)
−sin

(
θ
2

)
sin

(
θ
2

)
cos

(
θ
2

)
 (RY − gate) , (A3)

Rz (θ) =

[
e−i

θ
2 0

0 ei
θ
2

]
(RZ − gate) , (A4)

P (φ) =

[
1 0
0 eiφ

]
(P− gate) , (A5)

where Ri(θ ), (i = x, y, z) represents the rotation operation
around the i-axis by an angle of θ in the Bloch representation
of the qubit. Here, the mapping operations of the H -gate and
P-gates can be written as

|0⟩ → H |0⟩ =
1

√
2
( |0⟩ + |1⟩) , (A6)

|1⟩ → H |1⟩ =
1

√
2
( |0⟩ − |1⟩) , (A7)

|ψ⟩ → P (φ) |ψ⟩ = α |0⟩ + β eiφ |1
〉
, (A8)

where |ψ⟩ = α |0⟩ + β eiφ |1
〉
is a general supposition state

of qubit based |0⟩ and |1⟩. For the two qubits, the CNOT-gate
and the control rotational gate (CR-gate) are usually applied
and can be expressed as

CNOT =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 (CNOT − gate) , (A9)

CRi (θ) =

[
I2×2 0
0 Ri (θ)

]
, i = x, y, z (CRi − gate) . (A10)

Let |ϕ⟩ = α |10⟩ + β |01⟩, then

CNOT |ϕ⟩ = α |10⟩ + β |00⟩ , (A11)

CRi (θ) |ϕ⟩ = α |10⟩ + β |0⟩Ri (θ) |1⟩ , (A12)

(A11) and (A12) show that the CNOT-gates and CRi(θ )-gate
(i = x, y, z) independently perform the flipping operation

|0⟩ ↔ |1⟩and the rotational operation |k⟩ ↔ Ri(θ )|k⟩ (k =

0, 1) of the target qubit (second qubit) only for the control
qubit (first qubit) at the state |1⟩.
It is noted that the operations of quantum gates are unitary

satisfying UU†
= I , with I being the identity matrix and U†

being the transpose conjugate operator of U .
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