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Quantum machine learning has attracted considerable attention due to its potential in classification and recognition
tasks. As a significant branch of this field, quantum generative adversarial networks (QGANs) have achieved notable
progress in image generation. Although existing models have improved in terms of generation quality and efficiency, their
performance remains suboptimal. To overcome these limitations, we propose HQSP-GAN, a hybrid quantum—classical gen-
erative adversarial model integrating a shared parameter mechanism. This model innovatively designs a quantum parameter
sharing scheme to reduce the number of trainable parameters in the quantum module. Additionally, by incorporating atten-
tion mechanisms, the Wasserstein distance, and gradient penalty techniques, HQSP-GAN enhances training stability and
generation performance. Extensive experiments on standard datasets/such as MNIST and Fashion MNIST demonstrate
that HQSP-GAN can generate high-quality grayscale images without additional dimensionality reduction or preprocess-
ing. Moreover, it outperforms SOTA models including QINR-GAN and PQWGAN in metrics such as SSIM and PSNR,
highlighting the efficiency and practicality of its architectural design.
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1. Introduction

In recent decades, generative models have become a cru-
cial research branch in the field of machine learning (ML),
widely applied in tasks such as image synthesis,!!! text
modeling,?! and speech generation:*! Their core objective is
to learn the underlying probability distribution of data and gen-
erate samples statistically consistent with real data. Among
various generative models, generative adversarial networks
(GANSs) have attracted extensive attention due to their intu-
itive architecture and realistic generation results.[*>1 A GAN
consists of a generator and a discriminator that engage in a
minimax game: the generator aims to learn the latent data dis-
tribution to produce indistinguishable fake samples, while the
discriminator attempts to differentiate real samples from gen-
erated ones. Through this adversarial process, GANs continu-
ously improve the realism and quality of generated data.

Despite the theoretical strength of GANs in generation
tasks, their training process often suffers from instability is-
sues, including vanishing gradients and mode collapse.®! To
tackle these problems, various improvements have been pro-
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posed. In 2017, Arjovsky et al. proposed the Wasserstein GAN
(WGAN),[7! which replaces the original Jensen—Shannon di-
vergence with the Earth Mover’s Distance (also known as the
Wasserstein distance). This effectively alleviates the vanish-
ing gradient problem and leads to a more stable training pro-
cess. Subsequently, Gulrajani et al. proposed WGAN-GP,?]
which incorporates a gradient penalty term instead of weight
clipping, better satisfying the Lipschitz continuity constraint
and enhancing the model’s generalization and stability. How-
ever, performance limitations remain when handling high-
dimensional and complex image data.

With the rapid development of quantum computing tech-
nologies, quantum machine learning (QML) has emerged
as a promising research frontier.[”) Leveraging unique quan-
tum physical properties such as superposition, entanglement,
and interference, quantum models demonstrate inherent ad-
vantages in modeling complex probability distributions. ']
Within this context, quantum generative adversarial networks
(QGANY5) integrate the core ideas of GANs with the high-
dimensional linear transformation capabilities of quantum
circuits. 'l By replacing either the generator, the discrimina-
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tor, or both with quantum modules, QGANs aim to maintain
expressive power while significantly reducing the number of
parameters and improving computational efficiency./'?!

Existing studies have demonstrated the advantages of
QGAN:Ss in various generation tasks. For example, QuGAN in-
troduces quantum state fidelity as a loss function, significantly
improving image quality on MNIST generation tasks while
drastically reducing model parameters.!'3! Moreover, QuGAN
has been successfully implemented on superconducting quan-
tum circuits, achieving an average reconstruction accuracy of
quantum data distributions as high as 98.8%. To balance ex-
pressiveness and training efficiency, Tsang et al. proposed
the parameterized quantum Wasserstein GAN (PQWGAN)
model, ['*! which constructs a hybrid quantum—classical archi-
tecture combining Wasserstein distance and gradient penalty.
Without relying on any dimensionality reduction or classi-
cal preprocessing, this method successfully generated 28 x 28
grayscale images on the MNIST and Fashion MNIST datasets,
reducing trainable parameters by three orders of magnitude
while maintaining classical generation quality. Furthermore,
Wau et al. proposed the QINR-GAN (quantum-inspired neural
representation GAN) model, ['3! which combines implicit neu-
ral representation (INR) with quantum circuits to encode spa-
tial image information quantum mechanically, achieving high-
fidelity facial image synthesis. Experiments.on the CelebA
dataset showed that QINR-GAN outperforms several classi-
cal baselines in structural similarity index (SSIM) and peak
signal-to-noise ratio (PSNR), achieving comparable results to
state-of-the-art (SOTA) models with fewer quantum parame-
ters.

Despite the great theoretical potential and preliminary ex-
perimental success, QGANSs face multiple challenges in practi-
cal applications. On one hand, cutrent quantum hardware suf-
fers from limited qubit counts and poor circuit stability, mak-
ing it difficult to support the large-scale parameter training re-
quired for high-dimensional image generation. This limitation
restricts the expressive capability of models under constrained
quantum resources. On the other hand, pure quantum models
are highly susceptible to environmental noise and lack robust
optimization mechanisms, leading to unstable training. There-
fore, constructing a hybrid architecture that combines the sta-
ble training ability of classical neural networks with the strong
expressive power of quantum models is a key breakthrough to
improve the practical performance of QGANS.

Motivated by these challenges, this paper proposes
HQSP-GAN (hybrid quantum shared-parameter GAN), a hy-
brid quantum—classical generative adversarial network based
on a shared parameter mechanism. The model introduces
hybrid quantum shared blocks within the quantum genera-
tor to enhance expressiveness under limited qubit conditions,
thereby reducing the number of training parameters while

maintaining effective training performance. At the same time,
it uses the powerful image modeling capability of classical
convolutional neural networks to efficiently learn complex im-
age data distributions and generate high-fidelity samples. The
main contributions of this work are as follows:

(i) We propose a hybrid generative adversarial network ar-
chitecture integrating quantum shared-parameter blocks with
classical neural networks, capable of generating high-quality
images with reduced parameters.

(i) An attention mechanism is incorporated to en-
hance the model’s capability in capturing critical information,
thereby improving the quality and details of the generated im-
ages.

(iii) Multiple evaluation metrics are employed to demon-
strate algorithm performance, including classical image gen-
eration metrics and quantum resource consumption, with de-
tailed theoretical and experimental comparisons against SOTA
algorithms.

The structure of this paper is organized as follows: Sec-
tion 2 introduces the fundamentals of qubits, quantum gates,
and parameterized quantum circuits. Section 3 details the
HQSP-GAN model architecture, focusing on the design of
quantum shared-parameter blocks, the construction of the hy-
brid quantum generator, and the implementation of the dis-
criminator module along with related training strategies. Sec-
tion 4 presents experimental results and performance analysis,
demonstrating the model’s performance and comparative stud-
ies across multiple datasets. Finally, Section 5 concludes our
work, discusses limitations of the current model, and outlines
future research directions.

2. Preliminaries

As the fundamental unit of quantum computation, qubits
differ essentially from classical bits. Although a classical bit
can exist only in one of two distinct states, 0 or 1, a qubit
can exist in a superposition of both states simultaneously. The
general form of a qubit can be represented as

lw) = al0) +B[1), (1

where |0) and |1) are orthogonal computational basis states,
with complex coefficients & and B denoting their probabil-
ity amplitudes. The squared magnitudes |o|?> and |B|* give
the probabilities of measuring the qubit in |0) and |1), respec-
tively. Multiple qubits together form quantum states in a high-
dimensional Hilbert space, enabling the representation of more
complex information structures. 1!

Quantum gates are reversible operations on qubits, rep-
resented by unitary matrices. Common single-qubit gates in-
clude the Pauli gates (X, Y, Z) and the corresponding rotation

gates around different axes. The matrix forms of the rotation
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gates Ry(6), Ry(0), and R,(0) are as follows:
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Two-qubit gates can establish entanglement between two
qubits. Among them, the controlled-NOT (CNOT) gate is one
of the most commonly used two-qubit gates. It operates on
two input qubits: a control qubit and a target qubit. The ma-
trix representation of the CNOT gate is given by

1000
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CNOT = | o 4 o 1 3)
001 0

Parameterized quantum circuits (PQCs)'7) are trainable
quantum circuit architectures that incorporate classical opti-
mization strategies. The central idea is to incorporate tunable
parameters into the design of quantum gates, allowing the cir-
cuit to be trained via optimization algorithms such as gradi-

18,19

ent descent, ['®1°] thereby enabling tasks such as classification,

generation, and regression. A typical PQC starts from the

ground state [0)®", followed by a sequence of rotation gates
that encode classical data into the quantum state space, an ap-
proach known as data encoding!*’! or data re-uploading. !}
After encoding, the qubits are passed through several param-
eterized rotation gates (e.g., R(6), R,(0), R;(0)) and entan-
gling gates such as CNOT. The rotation angles act as trainable
parameters and are optimized during training.

3. Hybrid quantum-—classical generative adver-
sarial network with shared parameters

This section introduces the proposed hybrid quantum—
classical generative adversarial network with shared parame-
ters, referred to as HQSP-GAN; and provides a detailed expla-
nation of its architecture, components, and optimization strate-
gies. As shown in Fig. 1, the HQSP-GAN model integrates the
advantages of quantum computing with the powerful capabil-
ities of classical neural networks to generate high-quality im-
age data. The architecture of HQSP-GAN mainly consists of
two components:-a quantum—classical hybrid generator and a
classical discriminator. The generator adopts a hybrid design
that incorporates both quantum and classical modules. The
quantum module is built using a quantum neural network that
includes a data re-uploading encoding layer and a parameter-
ized processing layer, and it is augmented by multiple classical
neural network layers to enhance its expressiveness. The dis-
criminator is entirely composed of classical neural networks
and is responsible for determining the authenticity of the input

images.

Latent
vector

7
Generated V,‘Q/,A o

sample

z~P,

Updates

Dataset

\

PRV
N 0

NS

Discriminator W

Updates

Wasserstein

distance

Fig. 1. Overall architecture of the HQSP-GAN model.

3.1. Design of shared-parameter mechanism

In the HQSP-GAN model, the core objective of the shared
parameter mechanism is to enhance training efficiency and
generation performance while effectively reducing the total
number of parameters and network complexity. This mech-
anism is applied to the quantum parameter layers of the gener-
ator, where multiple quantum neural network modules share a

common set of key quantum gate parameters to achieve feature
transfer and information compression. Specifically, the quan-
tum parameter layer in the generator consists of multiple re-
peated shared parameter blocks Usp, whose detailed structure
is illustrated in Fig. 2. This module employs a two-qubit quan-
tum circuit comprising three rotation gates and two CNOT

gates, forming a basic quantum neural network unit. Param-
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eterized rotation gates Ry (all) and Ry (Otlz) are applied re-
spectively to the upper and lower qubits to initialize the di-
rections of the quantum states, where o!t and o2 denote the
first and second parameters of the /-th layer. Subsequently,

modules within the same layer use the same set of rotation gate
angle parameters o'. Through the shared parameter mecha-
nism, the generalizability of the network and the utilization
efficiency of parameters are significantly improved.

a CNOT gate is used to introduce entanglement between the
qubits. A rotation gate is then applied on the target qubit

for phase adjustment, with Ry (al3) representing the third pa-

rameter of the a/3-th layer. Finally, another CNOT gate is
applied to enhance nonlinear interference between quantum

Fig. 2. Shared parameter block.

states. Each quantum parameter layer is composed of shared

parameter blocks (Usp) that share parameters, meaning all sub- The shared parameter block can be represented as

|
Uso( 7. k) = . I3 ) L )
SP(], )—CNOT]J(' I®Rzk((x ) 'CNOT]7/(~ Ryj((x )@Ryk(a ) !

Here, (j,k) denotes a pair of qubits, where j serves as the control qubit and k as the target qubit.

“

3.2. Structure of the generator

The generator of HQSP-GAN adopts a quantum—classical hybrid architecture, as illustrated in Fig. 3. This architecture has
been validated in Ref. [22] for its practical effectiveness and performance advantages on specific tasks. Furthermore, the authors
in Ref. [15] provided additional theoretical and empirical support from multiple perspectives — such as Fourier approximation
theory and high performance with few parameters — demonstrating the critical role of quantum modules in generative tasks.
The quantum module consists of alternating encoding layers S(k) and parameter layers W(l). The input prior noise vector
7€ RY ~ N(0,1) is embedded in the quantum module through a data reuploading mechanism, where input features are injected
across multiple layers of the quantum circuit. This approach not only enhances the model’s expressive power but also alleviates
the representation bottleneck caused by limited qubits.In each layer of the quantum module, the parameter layer is composed
of multiple shared parameter blocks Usp, aiming to achieve information compression and feature transfer. In the /-th layer, the

encoding layer and the parameter layer can be expressed as follows:
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Fig. 3. Architecture of the generator.
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Here, Rx (h;) represents a fixed input encoding based on
the parameter /;, while @7, R(Zi) (Gl-lz) and Q7 Rg/i) (Gl-l‘) cor-
respond to the second and first rotation layers, respectively.
After quantum feature extraction is completed, the quantum
state is measured and mapped to a classical vector represen-
tation, which is then fed into the subsequent classical neural
network module. The entire process can be expressed as fol-
lows:

lve(2)) = (HU’) |0)". (6)

=1

Here,
0= {a(‘),a(z),...,a(L);G(‘),e(z),...,G(L)}

denotes the set of trainable parameters across all layers, where
the parameters of each layer are trained independently. The
state |0)®" represents the initial state of an n-qubit quantum
system.

To further enhance the network’s ability to selectively
represent inter-channel features in image data, a channel atten-
tion mechanism is introduced into the classical network struc-
ture. This mechanism adaptively adjusts the weights of dif-
ferent feature channels, enabling the network to focus more
on semantically significant or structurally critical channels;
thereby improving the clarity and discriminability of the gen-
erated images. Unlike traditional fully quantum generators,
the design of HQSP-GAN not only improves the expressive
capacity of quantum circuits for efficient encoding and infor-
mation processing through a parameter-sharing mechanism,
but also enhances the controllability and fine-grained mod-
eling capability of image generation via the incorporation of
channel attention in the classical neural network.

3.3. Structure of the discriminator

Given the limitations of current quantum hardware in
terms of ‘qubit count and circuit depth, the expressive ca-
pacity of the generator remains constrained. In this context,
employing an overly complex discriminator architecture may
result in the diseriminator significantly outperforming the gen-
erator during training, thereby disrupting the balance of ad-
versarial learning. To address this issue, HQSP-GAN adopts

o
@
@

x ——y o
@ o
o

2 ——@ @ @
xn——A @ .

Input layer O
Hidden layer

Output layer

Hidden layer

Fig. 4. Architecture of the discriminator.

the discriminator architecture proposed in the WGAN-GP

framework [23-24]

as its baseline design, as illustrated in Fig. 4.
This discriminator consists of two fully connected hidden lay-
ers, each containing a certain number of neurons, followed by
a single-neuron output layer for final discrimination. The ar-
chitecture is simple yet provides strong training stability, ef-
fectively supporting the quantum generator in adversarial op-

timization.

3.4. Optimization strategies

In the HQSP-GAN model, to more effectively enhance
the generator’s image synthesis-quality and the discrimina-
tor’s distinguishing capability, an adversarial training strat-
egy based on the Wasserstein distance (Wasserstein GAN,
WGAN) is adopted as the core optimization framework. This
is further combined with a parameter sharing mechanism and a
stepwise update principle to ensure training stability and con-
tinuous improvement of generation performance. The training
process consists of the following key components.

3.4.1. Loss function

To avoid the training instability and gradient vanishing
problems commonly encountered in traditional GANSs, the
Wasserstein distance (Earth-Mover distance) is adopted as the
metric to measure the difference between the generated im-
age distribution and the real image distribution. This is com-
plemented by a parameter sharing mechanism and a stepwise
update strategy to ensure training stability and continuous im-
provement of generation performance. The Wasserstein dis-
tance possesses favorable smoothness properties, which facil-
itate the generator in learning the support of the true data dis-
tribution. Specifically, the Wasserstein loss is defined as

Ly = Exopey [D(X)] = Ep, [D(G(2))]. )

Here, D(x) denotes the discriminator’s output for real
samples, and D(G(z)) represents the discriminator’s score for
generated samples. The original WGAN relies on weight clip-
ping to enforce the 1-Lipschitz constraint on the discrimina-
tor; however, this limits the network capacity and makes train-
ing difficult. Therefore, the WGAN-GP training scheme is
adopted, which introduces a gradient penalty term. Its form is
as follows:

Lgp = A -Ezp, [(”VXD()%)HQ N 1)2} ’ ®

where X is obtained by interpolating between real and gener-
ated samples, and A is the penalty coefficient, commonly set
to 10. This term encourages the discriminator’s gradient norm
with respect to its input to be close to 1, thereby promoting
smoother behavior and enforcing the 1-Lipschitz condition.
Consequently, the adversarial training discriminator loss func-
tion is defined as follows:

L = Exupey[D()] — Ecer.[D(G(2))]
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2 Eeop, [(IV:D@L -1 ©)

3.4.2. Synchronization of training under parameter
sharing mechanism

During training, the shared parameter module Usp is in-
voked by multiple generation paths simultaneously. To avoid
gradient conflicts and redundant updates, a synchronized up-
date strategy is adopted: within a single training batch, the
quantum parameters shared by all submodules in each layer
are updated collectively only after each complete generator
update, ensuring consistency in the gradient direction.

3.4.3. K-step discriminator update strategy

Following the WGAN training framework, the discrimi-
nator is updated K times (typically K = 5) prior to each gen-
erator parameter update to strengthen the discriminator’s dis-
tinguishing capability. This design effectively suppresses the
“deceptive” gradients encountered by the generator during the
early training stages, thereby improving the quality of the gen-
erated samples.

3.5. Algorithm implementation

Based on the design principles and training strategies of
HQSP-GAN introduced above, the overall training procedure
is summarized in Algorithm 1. The algorithm takes random
noise as input, initializes the generator and discriminator pa-
rameters, and alternately updates them using the specified op-
timization strategy. For detailed steps, including the specific
update rules and gradient computations, see Appendix A.

4. Experiments and analysis

To comprehensively evaluate the performance advan-
tages of HQSP-GAN, comparative experiments were con-
ducted against several representative generative adversar-
ial network models, -including recently proposed hybrid
quantum—classical architectures such as PQWGAN!4 and
QINR-GAN.I51 PQWGAN, which integrates parameterized
quantum circuits with the Wasserstein distance, has been
widely applied in quantum generation tasks. Meanwhile,
QINR-GAN enhances the generator’s modeling capability
by simulating quantum superposition states and interference
properties. These two models represent the current develop-
ment directions of quantum-—classical generative adversarial
networks. We performed comparisons with the same datasets
and training conditions, allowing for a more accurate assess-
ment of the improvement of HQSP-GAN in generation quality,
model stability, and convergence speed.

4.1. Datasets and experimental environment

This study uses the publicly available MNIST!?3 and
Fashion MNIST!?6! datasets as benchmark data sets to eval-
uate model performance. To ensure that the training process

can be completed within a reasonable time frame, the first
500 samples from each class in the training set are selected
for model training. Although generating MNIST and Fashion
MNIST data is generally considered a relatively simple task
in GAN research, prior studies have pointed out that gener-
ating high-quality 28 x 28 resolution images remains a sig-
nificant challenge for QGANS in the NISQ era. Therefore,
validating the proposed model’s image generation capabilities
under this setting holds practical significance.?”-?8] We evalu-
ated HQSP-GAN via simulations using PyTorch 1.12.0, Pen-
nyLane 0.20.1, and Python 3.9.13.

4.2. Evaluation metrics

To comprehensively evaluate the performance and ef-
fectiveness of HQSP-GAN in image generation tasks, four
representative image quality evaluation metrics are adopted:
Fréchet inception distance (FID),!*"! structural similarity in-
dex measure (SSIM),3% cosine similarity (CS),*! and peak
signal-to-noise ratio (PSNR).!*?! These metrics quantify the
similarity between generated and real images from multiple
perspectives. For detailed definitions and formulas of these
metrics, please refer to Appendix B.

4.3. HQSP-GAN model parameter settings

During the training of HQSP-GAN, a set of optimized
hyperparameters was configured to ensure a good balance be-
tween model stability and generation quality. Specifically, the
learning rate of the generator was set to 0.00001, and its quan-
tum module was constructed using 6 qubits. The generator’s
feedforward neural network consists of three linear layers with
256, 512, and 256 neurons, respectively. The discriminator’s
learning rate was set to 0.00012. Besides these customized
parameters, other training strategies follow the default settings
of WGAN-GP, including a gradient penalty coefficient A = 10
and n, = 5 discriminator updates before each generator up-
date. The Adam optimizer was employed with hyperparame-
ters B; = 0 and B, = 0.9. For the prior noise design, the input
was restricted to the interval [0, 1) rather than the more com-
mon [— 7, ] range, better adapting to the input characteristics
of the hybrid quantum—classical architecture. The model was
trained for 2000 epochs with a batch size of 1, aiming to cap-
ture fine-grained changes during the training process.

4.4. Different numbers of generator layers

To evaluate the impact of different numbers of hybrid
quantum-—classical layers on the performance of the HQSP-
GAN model, we compared its generation quality under con-
figurations with 2, 4, 6, and 8 hybrid layers. The model was
evaluated using four metrics: FID, CS, SSIM, and PSNR, con-
sidering both qualitative and quantitative aspects. For the com-
putation of these metrics, each converged model was used to
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generate 500 images, which were then compared against the
original dataset, and the results were averaged.

Table 1. Performance comparison under different generator layer config-
urations.

Layer depth  FID CS SSIM PSNR Data Training time (s)
2-layers  181.16 0.9297 0.3118 12.33 2753.57
4-layers  180.23 0.9297 0.3059 12.33 5 4052.07
6-layers  180.17 0.9297 0.3081 12.33 5033.08
8-layers  181.40 0.9297 0.3061 12.32 5970.22

Table 1 presents the performance of the HQSP-GAN
model on the MNIST dataset for the image generation task
of digit “5” under different generator layer configurations. As
shown in the table, increasing the number of generator lay-
ers does not lead to significant improvements in image qual-
ity metrics (FID, CS, SSIM, and PSNR), as the variations in
values are minimal. However, the training time increases sub-
stantially with deeper architectures. This suggests that simply

Digit 1
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increasing the number of layers in the generator does not ef-
fectively enhance image quality but instead results in higher
training costs. Therefore, the depth of the model should be
reasonably controlled to balance generation performance and
computational efficiency in this task.

4.5. Experiments on the MNIST dataset

To evaluate the image generation capability of HQSP-
GAN, experiments were conducted on four digit classes (1, 3,
5, 7) from the MNIST dataset. Its performance was compared
with PQWGAN and QINR-GAN. As shown:in Fig. 5, real
MNIST samples and generated images from the three quantum
generative models are presented. Subjectively, HQSP-GAN
clearly outperforms.the others, producing sharper images and
better preserving digit structural features. These results val-
idate the effectiveness of the shared parameter block design,
attention mechanisms, and hybrid quantum—classical strategy
in HQSP-GAN for image modeling.
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Fig. 5. Comparison of digit image generation by different quantum generative models.
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Fig. 6. Comparisons of Wasserstein distance generation using different quantum generative models.

In addition, Fig. 6 illustrates the evolution of the Wasser-
stein distance during training for each model. It can be
observed that the Wasserstein distance steadily decreases as
training progresses and eventually stabilizes, indicating that
the generator gradually learns the target data distribution and
that the models demonstrate strong effectiveness in the image

generation task. The continuous decline in the Wasserstein

distance suggests that the distribution gap between generated
and real samples is progressively narrowing. It is worth not-
ing that although PQWGAN and QINR-GAN achieve conver-
gence of the Wasserstein distance to near zero within fewer
training epochs, this is primarily due to the larger parameter
scales of their models, which typically come at the cost of

higher per-epoch computational overhead.
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Figure 7 presents a comparison of the total training time
required by each model to complete 2000 epochs on the digit
“5”. For PQWGAN, the total training time was 9425.32 sec-
onds, with the Wasserstein distance converging around the
500th epoch, corresponding to approximately 2350 seconds.
In contrast, HQSP-GAN completed 2000 training epochs in
just 2967.67 seconds, with its Wasserstein distance converging
around the 1250th epoch, taking approximately 1875 seconds.
Therefore, when evaluating training efficiency, it is important
not only to consider the number of epochs required for con-
vergence but also to take into account the time consumed per
epoch to accurately assess the model’s actual computational
cost and efficiency. Overall, HQSP-GAN demonstrates signif-
icantly higher training efficiency compared to the other mod-
els.

M Training time (s)

9425.32

3660.29
2967.67

QINR-GAN HQSP-GAN

PQWGAN
Fig. 7. Comparison of total training for generating digit 5 by different
quantum generative models.

A comparison of image quality generated by the HQSP-
GAN model, PQWGAN, and QINR-GAN is provided in Ap-
pendix C. Each model is evaluated using four metrics: FID,
SSIM, CS, and PSNR. For the FID metric, lower values in-
dicate better performance; thus, the HQSP-GAN model per-
forms comparably to QINR-GAN, and both outperform PQW-

GAN. The second metric, CS, favors higher values, with val-
ues close to 1 indicating higher similarity. The third met-
ric, SSIM, shows that the HQSP-GAN model achieves higher
scores than both QINR-GAN and PQWGAN. Compared to
other metrics, SSIM better highlights the superior perfor-
mance of QINR-GAN. The fourth metric is PSNR, where
higher values represent better image quality. Overall, across
all evaluation metrics, the QINR-GAN model demonstrates
better performance than the other two models.

4.6. Experiments on the fashion MNIST dataset

To evaluate the transferability and generalization ability
of the HQSP-GAN model under different data distributions,
this section selects the Fashion MINIST dataset, which has
higher structural complexity, to.assess its generation perfor-
mance. HQSP-GAN achieves clearer contours and higher im-
age quality compared with PQWGAN and performs on par
with QINR-GAN. For a detailed discussion and extended anal-
ysis of these results, please refer to Appendix D.

4.7. Ablation study

To evaluate the actual contribution of each module in the
HQSP-GAN model, an ablation study was conducted. In this
experiment, HQSP-GAN (w/o CA) denotes the model with
the channel attention mechanism removed, while HQSP-GAN
(w/o SP & CA) denotes the model with both the channel at-
tention mechanism and the shared parameter mechanism re-
moved. The experiments were carried out on the “Number
5” class of the MNIST dataset and the “sneaker” class of the
Fashion-MNIST dataset. The results are summarized in Ta-
ble 2.

Table 2. Performance evaluation of the HQSP-GAN ablation experiments.

Model FID CS SSIM PSNR Data Training time (s)
HQSP-GAN 181.16 0.9297 0.3118 12.33 2967.67
HQSP-GAN (w/o CA) 184.30 0.9294 0.2915 12.29 Number 5 2921.73
HQSP-GAN (w/o SP & CA) 185.21 0.9291 0.2893 12.28 3273.96
HQSP-GAN 180.07 0.9573 0.4632 15.48 3039.92
HQSP-GAN (w/o CA) 183.52 0.9565 0.4600 15.38 Sneaker 3194.87
HQSP-GAN (w/o SP & CA) 184.89 0.9567 0.4610 15.44 3377.49

From the comparisons, it can be observed that removing
the shared parameter mechanism (HQSP-GAN w/o SP & CA)
leads to degraded generation performance and increased train-
ing time. This indicates that the shared parameter mechanism
not only enhances performance but also effectively reduces
computational overhead during training. Furthermore, com-
paring HQSP-GAN with HQSP-GAN (w/o CA) shows that
removing the attention mechanism results in a significant in-

crease in the FID score and a noticeable decrease in SSIM,

while training time remains largely unchanged. This demon-
strates that the channel attention mechanism can further im-
prove image generation quality without adding a significant
training burden.

In conclusion, the experimental results validate the effec-
tiveness and synergy of the shared parameter mechanism and
the channel attention mechanism in improving both the perfor-

mance and efficiency of the model.
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4.8. Quantum resource analysis

The quantum resources consumed by a model have grad-
ually become one of the key metrics for evaluating its quality.
Unlike external factors such as experimental apparatus, the
evaluation of quantum resources is more intrinsic and helps
to fundamentally analyze the complexity and practicality of a
model. To this end, we compare the quantum resource require-
ments of HQSP-GAN with those of QINR-GAN and PQW-
GAN under the same image generation task, as summarized in
Table 3.

Table 3. Comparison of quantum resources usage among different models.
SQG: single-qubit gates, TP: trainable parameters, TQG: two-qubit gates.

Model Qubits Generators Layers SQG TP TQG
PQWGAN!!4] 6 28 4 1148 2016 560
QINR-GAN!!3] 6 1 2 9% 72 28
HQSP-GAN(Ours) 6 1 2 66 54 20

As shown in Table 3, all three models employ 6 qubits
in their generators. However, the PQWGAN model demon-
strates significantly higher resource consumption: it requires
28 generators, each with a 4-layer structure, and involves
more single-qubit gates and trainable parameters. In contrast,
QINR-GAN and HQSP-GAN consume noticeably fewer re-
sources. A further comparison reveals that, given the same
number of generator qubits, generators, and layers, HQSP-
GAN requires significantly fewer single-qubit gates, trainable
parameters, and two-qubit gates than QINR-GAN; exhibiting
higher resource efficiency.

These results indicate that HQSP-GAN not only achieves
superior performance but also significantly reduces depen-
dence on quantum resources, demonstrating strong application
potential in the context of the NISQ era.

5. Conclusion and future work

In this paper, we propose a hybrid adversarial genera-
tive network architecture, HQSP-GAN, that integrates a quan-
tum ‘shared-parameter structure with attention mechanisms.
The model is designed to ensure high-quality image genera-
tion while significantly reducing the demand for quantum re-
sources. By introducing the quantum shared parameter mech-
anism; HQSP-GAN effectively improves resource utilization
while maintaining both generative capacity and training sta-
bility.

Experimental results demonstrate that HQSP-GAN out-
performs state-of-the-art quantum generative models, such as
PQWGAN and QINR-GAN, across various image generation
tasks. It achieves superior performance in image quality met-
rics (e.g. FID, SSIM, PSNR) and exhibits clear advantages
in training efficiency. Moreover, a detailed comparison of
quantum resource requirements shows that HQSP-GAN con-
sistently requires fewer qubits, quantum gates, and trainable

parameters than the baseline models, highlighting its strong
practical potential in the NISQ era. Furthermore, this study
performed generation experiments on the CelebA dataset. The
current work focused on low-resolution 28 x 28 pixel images,
with results provided in Appendix E. Future work will extend
the QINR-GAN model for higher-dimensional data.

Appendix A: Pseudocode for HQSP-GAN

Algorithm 1 HQSP-GAN

Input: Require Adam hyperparameters Irp, lrg, Bi, B2; gradient penalty
coefficient A; discriminator update steps per generator step K; total
epochs epoch; batch size m

Output: High-quality generated images
1. Initialize discriminator parameters @ and generator parameters 6
2. for each epoch do
3. for k=1toK do
for i =1tom do
Sample real data x ~ Pyy, N0ise z ~ P;, and € ~ [0, 1]
Generate fake sample ¥ = Gy (z)
Interpolate £ = ex+ (1 — €)%

®© N o wn ks

Compute discriminator loss:
Lossp = D(¥) — D(x) + A(||VsD(£)|2 — 1)?
9. end for

10. Update discriminator parameters @

11. end for

12. fori=1tomdo

13. Sample noise z ~ P,

14. Generate fake sample X = Gg(z)

15. Compute generator loss: Lossg = —D(¥)
16. end for

17. Update generator parameters 6

18. end for

Appendix B: Evaluation metrics
B1. Fréchet inception distance (FID)

FID is one of the most widely used evaluation metrics for
image generative models. It extracts feature representations
of generated and real images from the Inception network and
assumes that these representations follow a multivariate Gaus-
sian distribution. The FID between the two distributions is
then computed. A lower FID value indicates that the distribu-
tion of generated images is closer to that of real images, imply-
ing higher image quality. Compared to traditional pixel-level
metrics, FID better reflects the perceptual fidelity and diver-
sity as perceived by humans. The formula for FID is given as
follows:

FID = ||pe — p|* + Tr (z;+2g 2 (zrzg)l/z) . (Bl

Here, u; and X, denote the mean and covariance of the real
images, while p; and X, represent the mean and covariance of
the generated images.

B2. Structural similarity index measure (SSIM)

SSIM is a metric that measures the similarity between two
images in terms of structure, luminance, and contrast, making
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it particularly suitable for evaluating image fidelity. Its value
ranges from O to 1, with values closer to 1 indicating higher
structural similarity to the reference image. Compared to tra-
ditional mean squared error (MSE), SSIM better aligns with
human visual perception. The SSIM is defined as follows:

(2pelty +¢1) (203 +2)
(U2 + 17 +c1)(oF + 07 +c2)

SSIM(x,y) = (B2)
Here, u and o represent the mean and standard deviation of
the images, respectively; oy, denotes the covariance between
the two images; and c1, ¢, are small constants used for numer-
ical stability.

B3. Cosine similarity (CS)

Cosine similarity is a method to measure the similarity
in direction between two image vectors in a high-dimensional
space, thereby assessing the “directional consistency” between
the images. It is defined as follows:
__xrYy

([l
Here, « and y represent the vectorized forms of the images. A
value closer to 1 indicates higher directional consistency be-
tween the two images in the feature space, implying that the

cS (B3)

(a) FID MNIST Digit Classes
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0
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PQWGAN  367.43 253.93/ 337.65 326.01 298.13 354.03 327.26 289.26 348.83 304.76
QINR-GAN 251.48 139.66 206.12 205.82 179.74 187.22 203.87 178.71 210.39 189.28
HQSP-GAN 249.18 137.88 198.82 198.82 170.30 181.16 195.13 173.26 196.52 183.36

(c) SSIM MNIST Digit Classes
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PQWGAN 02610 03574 02031 02401 0.1754 0.1806 0.2541 0.2845 0.2074 0.2555
QINR-GAN 0.3516  0.4677 0.2457 0.3060 0.2587 0.2664 0.3242 0.3285 0.2780 0.3119
HQSP-GAN 03760 0.5988 0.2812 0.3460 0.3235 03118 0.3947 04185 0.3335 0.3998

generated image is more semantically similar to the original

image.

B4. Peak signal-to-noise ratio (PSNR)

PSNR is a classical image quality evaluation metric com-
monly used to measure the clarity of images after compression
or reconstruction. It is expressed in decibels (dB), where a
higher value indicates less distortion and better image quality.

The calculation formula is as follows:

(B4)

MAX? )

Here, MAX; denotes the maximum possible pixel value of the
image, and MSE stands for the mean squared error between

the generated and reference images.

Appendix C: Additional experimental results on
the MNIST dataset

The experimental results of average FID, SSIM, cosine
similarity, and PSNR metrics on the MNIST dataset are shown
in Fig. CI.
tion 4.5.

The relevant analysis is described in Subsec-

(b)CS
0.98

MNIST Digit Classes

0.96
0.94
0.92

0.9
0.88

0.86

Coise Similarity (higher is better)

0.84
0 1 2 3 4 5 6 7 8 9

PQWGAN  0.8941 0.9466 0.8904 0.9009 0.9055 0.8869 0.9084 0.9181 0.8925 0.9128
QINR-GAN 0.9249 0.9686 0.9223 0.9313 0.9386 0.9288 0.9377 0.9437 0.9299 0.9415
HQSP-GAN 0.9260 0.9692 0.9239 0.9332 0.9401 0.9297 0.9391 0.9451 0.9315 0.9434

(d) PSNR MNIST Digit Classes

18
PR
=
g 14
5
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=
=y 8
% 6
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e

2

0

0 1 2 3 4 5 6 7 8 9

PQWGAN  10.67 1329 1043 1088 11.00 1027 11.22 11.60 10.54 11.42
QINR-GAN 12.14 1567 1191 1247 12.88 1229 1290 1326 1326 13.16
HQSP-GAN 12.19 1576 11.98 12,58 13.00 1233 1298 13.37 1248 13.30

Fig. C1. Average FID, SSIM, cosine similarity, and PSNR metrics.

Appendix D: Experiments on the fashion MNIST
dataset

The image generation results of various models on the
Fashion MNIST dataset are shown in Fig. D1. As ob-
served from the figure, images generated by PQWGAN ex-
hibit noticeable noise interference, unstable output quality,
and blurred image details. This may be attributed to the

greater structural complexity and category diversity of Fashion

MNIST compared to MNIST, which challenges the model’s
generalization capability. In contrast, both QINR-GAN and
HQSP-GAN demonstrate better generation performance on
this dataset. The images they produce have clearer contours,
fewer noise artifacts, and overall higher quality.

The Wasserstein distance during training, which reflects
the convergence behavior of each model, is shown in Fig. D2.

It can be observed that the Wasserstein distances of all models
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converge to values close to zero. In the early stages of training,
the proposed HQSP-GAN converges relatively slowly. How-
ever, it exhibits rapid convergence in the later stages, and its
final value is closer to the ideal value of zero compared to the
other two methods.

To more comprehensively evaluate the image generation
performance of the HQSP-GAN model on the Fashion MNIST
dataset, four quantitative metrics are introduced for analysis,
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as shown in Fig. D3. In terms of SSIM, HQSP-GAN achieves
significantly higher scores than both QINR-GAN and PQW-
GAN, indicating superior performance in structural fidelity.
For the other metrics, HQSP-GAN clearly outperforms PQW-
GAN and performs on par with QINR-GAN, demonstrating
overall high-quality image generation. These results indicate

that HQSP-GAN possesses better adaptability and stability.
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Fig. D1. Comparisons of digit image generation by different quantum generative models.
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Fig. D3. Average FID, SSIM, cosine similarity, and PSNR metrics.
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Appendix E. Experiments on the CelebA dataset

A comparative analysis of the generation capabilities of
QINR-GAN and HQSP-GAN is illustrated in Fig. E1, based
on their outputs from the CelebA dataset. From the perspec-
tive of subjective image quality assessment, the HQSP-GAN
model proposed in this paper significantly outperforms the
QINR-GAN model in terms of generation quality. Specifi-
cally, the facial images generated by HQSP-GAN exhibit su-
perior performance in detail clarity, texture realism, and visual
comfort. It effectively suppresses noise and accurately recon-
structs facial features, demonstrating its considerable capabil-
ity for complex face data generation tasks. However, when
compared to the original images, the output of HQSP-GAN
still exhibits a certain degree of over-smoothing. The restora-
tion of high-frequency details, particularly in skin texture and
hair strands, remains insufficient, leading to reduced edge acu-
ity in the reconstructed facial features and a generally slightly

Dataset

QINR-GAN

3 8.ERnn
(A= NNNnn
A1 ermnnnnn

blurred appearance in the overall image.

Based on the current experimental results, we attribute
the performance limitations of the HQSP-GAN model to three
main factors: (i) Information loss during the data preprocess-
ing stage: The dimensionality reduction method employed
may be overly aggressive, resulting in the loss of critical de-
tails from the original images prior to model input, thereby
impairing the model’s ability to extract and reconstruct high-
quality features. (ii) Dimensionality constraints of the train-
ing data: The low-resolution images (28 X 28 pixels) used in
the experiments contain limited visual information, which is
insufficient for the model to learn rich semantic features and
textural details, thus restricting its generative capability. (iii)
The design of the quantum circuit (e.g., the number of quan-
tum layers and qubits) and the classical network components
(e.g., the depth and width of fully connected layers) may not
be well-suited for the generation of this CelebA dataset.

HQSP-GAN

alannnnnn

Fig. E1. Comparisons of CelebA image generation by different quantum generative models.
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