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Abstract

Generative Adversarial Networks (GANs) have demonstrated immense potential in synthesizing diverse and high-fidelity
images. However, critical questions remain unanswered regarding how quantum principles might best enhance their repre-
sentational and computational capacity. In this paper, we investigate hybrid quantum-classical GAN architectures supple-
mented by transfer learning to systematically examine whether incorporating Variational Quantum Circuits (VQCs) into
the generator, the discriminator, or both improves performance over a fully classical baseline. Our findings indicate that
fully hybrid models, which incorporate VQCs in both the generator and the discriminator, produce images with higher
quality and achieve more favorable quantitative metrics compared to their fully classical counterparts. In particular, plac-
ing the quantum block in the generator appears to accelerate the early emergence of visual structure, whereas placing it in
the discriminator slows early visual convergence but improves the final quantitative quality metric. Incorporating quantum
blocks into both networks yields the strongest overall performance. Moreover, the model sustains comparable performance
even when the dataset size is reduced. Overall, the results underscore that carefully integrating quantum computing with
classical adversarial training and pretrained feature extraction can enrich GAN-based image synthesis. These insights
open avenues for future work on higher-resolution tasks, alternative quantum circuit designs, and experimentation with
emerging quantum hardware.
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1 Introduction
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asal68497@hbku.cdu.qa In recent years, Artificial Intelligence (AI) has advanced

significantly in tasks such as image classification, language
translation, and strategic gameplay. Among the different
architectures pursued to tackle these tasks is generative
models, which have proven especially impactful, enabling
the creation of new synthetic data that can mimic or exceed
real-world patterns. This capability has far-reaching impli-
cations for data augmentation and content creation, posi-
tioning generative models as a pivotal aspect of modern Al
research (Thomas and Jose 2024; Ma et al. 2025; Shu et al.
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large datasets to achieve state-of-the-art results (Iglesias et
al. 2023). Addressing these challenges has spurred research
into new architectures and training strategies, from sophis-
ticated loss functions to transfer learning approaches that
leverage pretrained models (Arjovsky et al. 2017; Zhao et
al. 2020; Lv et al. 2021). Concurrently, quantum computing
has made notable strides, leading to the emergence of Quan-
tum Machine Learning (QML). QML seeks to harness quan-
tum phenomena, such as superposition and entanglement, to
enrich or accelerate classical machine learning workflows.
By mapping data onto quantum states and leveraging quan-
tum computing techniques such as parameterized quantum
gates, researchers aim to achieve higher expressive power or
improved optimization dynamics compared to purely classi-
cal methods (Ngo et al. 2023). One key approach involves
the use of Variational Quantum Circuits (VQCs), where
trainable quantum gates can transform data in ways that
may surpass classical transformations, potentially enhanc-
ing tasks from classification to generative modeling. Nev-
ertheless, the current Noisy Intermediate-Scale Quantum
(NISQ) era imposes limitations such as device noise and
limited qubit counts, motivating hybrid quantum-classical
techniques that attempt to achieve quantum advantages, tak-
ing into account the practical hardware constraints (Bharti
et al. 2022; Callison and Chancellor 2022).

In this paper, we investigate the integration of VQCs into
the GAN framework, adopting a hybrid quantum-classical
approach while incorporating transfer learning. We take an
architectural perspective and ask where a quantum layer
should be placed within a GAN in order to be most effective.
To this end, we fix a lightweight VQC design and system-
atically compare fully classical and hybrid GANs in which
the same VQC is inserted into the generator, the discrimina-
tor, or both. This yields a placement-centric study, in which
changes in performance and stability can be attributed to the
location of the quantum block rather than circuit depth or
qubit count. We conduct experiments on various configura-
tions, and including multiple classes of CIFAR-10 dataset
along with extended experiments featuring different sample
sizes. We use quantitative metrics, including the Fréchet
Inception Distance (FID), Kernel Inception Distance (KID),
and Inception Score (IS), and visual inspections to provide
a comprehensive assessment of each model’s performance.

A key component of our approach is transfer learning,
where a pre-trained ResNet-18 backbone is adapted for the
discriminator to improve feature extraction. This strategy
helps stabilize adversarial training, particularly under lim-
ited dataset conditions, while also allowing us to assess how
quantum blocks interact with high-quality, pre-trained fea-
tures. This also provides a strong and consistent baseline for
interpreting the contribution of the VQC across the compar-
ative experiments. The results indicate that the fully hybrid
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model tends to outperform other configurations, exhibit-
ing improved convergence and producing higher-quality
images. Furthermore, we show that even when the dataset
is halved, the fully hybrid architecture can still achieve out-
comes close to those attained with larger datasets, highlight-
ing the resilience and adaptability of our design.

The contributions of this research can be summarized as
follows:

e Establish a solid foundation for hybrid quantum-classi-
cal GANSs integrated with transfer learning.

e Provide a placement-centric analysis by fixing a VQC
and systematically varying its location (generator, dis-
criminator, or both), isolating the architectural impact
of quantum blocks on training dynamics and generative
quality.

e Investigate how these hybrid quantum-classical meth-
ods scale when data is limited or distributed among mul-
tiple classes.

Beyond these investigations, we provide insights that lay
the groundwork for future studies on high-resolution gen-
erative tasks and more advanced quantum hardware, sug-
gesting that quantum-enhanced techniques could become a
key pillar in next-generation generative modeling.

The rest of this paper is organized as follows. Section 2
provides background discussions related to GANs, QGANs
and Transfer Learning. Section 3 details the proposed
architecture, including generator, discriminator, variational
quantum circuit, and the transfer-learning setup. Section 4
explains the experimental configurations, datasets, training
setup, and evaluation metrics. Section 5 reports quantitative
and qualitative results for the four binary-class experiments,
and Section 6 extends the analysis to a multi-class setting.
Section 7 examines learning-curve behaviour under reduced
sample sizes. Finally, Section 8 concludes the paper and
outlines future research directions.

2 Preliminaries and related work
2.1 Generative adversarial networks

Introduced by Goodfellow et al. (2014), GANs are a family
of deep learning models consisting of two competing neural
networks, a generator and a discriminator, trained together
in an adversarial process. The generator network learns to
produce synthetic data (e.g., images) that closely mimic
the real data distribution, while the discriminator network
learns to distinguish between real samples and the genera-
tor’s synthetic samples. The GAN training procedure is
formulated as a minimax (zero-sum) game: the generator
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strives to minimize its loss (by fooling the discriminator),
whereas the discriminator strives to maximize its ability to
classify real and fake data correctly. Through this adversar-
ial training, the generator becomes increasingly skilled at
creating realistic outputs, while the discriminator becomes
more adept at spotting fake inputs until the generated data
is almost indistinguishable from real data. Figure 1 shows
how the generator and discriminator interact within the
GAN architecture.

GAN formulates the following minimax objective for the
two players (generator G and discriminator D):

mén max V(D,G) =
Eopaaea 108 D(@)] + Ezrop, [log(1 — D(G(2)))]

where D(x) is the discriminator’s estimate of the probability
that the sample x is real. The generator tries to minimize
this value function ¥ (i.e., reducing log(1 — D(G(z))) and
making D(G(z)) approach 1), while the discriminator tries to
maximize it Goodfellow et al. (2014).

In practice, the generator is typically fed a source of ran-
dom noise (a latent vector) and learns to transform it into
realistic data samples. The discriminator is often a binary
classifier that produces a probability (real or fake). They are
trained in alternating steps: for a batch of data, D is updated
to better distinguish real and generated samples, then G is
updated to better fool D. Over many iterations, this adver-
sarial training ideally reaches a point where the genera-
tor’s output distribution matches the real data distribution
Pg(2) = Pdata(z) and D(x) = 0.5 for all x, indicating that
the discriminator can no longer tell fake from real.

GAN:Ss are typically trained without explicit labels for the
generator’s outputs; the only feedback the generator receives
is from the discriminator’s judgments. This makes GANs a
form of unsupervised (or self-supervised) learning (Eckerli
and Osterrieder 2021), as the generator learns to model the
data distribution without direct ground truth labels for what
it generates. The discriminator provides a learning signal to
the generator by grading its fakes as “real” or “not real”.

Random Input Noise

Fig. 1 Basic GAN architecture

Generator

Despite the significant progress, training GANs presents
several challenges. The vanishing gradient problem poses a
significant challenge in GAN training. It occurs when gradi-
ents become too small during backpropagation, preventing
effective weight updates. In GANSs, this problem is espe-
cially pronounced due to the dynamic interaction between
the generator and the discriminator. In particular, it happens
when the discriminator learns too quickly, leaving the gen-
erator with minimal feedback for improvement. This issue
can stall learning and contribute to mode collapse, where the
generator produces limited variation of samples, failing to
capture the diversity of the real data distribution (Iglesias et
al. 2023). Another persistent challenge is the training insta-
bility. The adversarial dynamic between the generator and
discriminator can lead to oscillations, divergence, or mode
collapse during training, necessitating careful hyperparame-
ter tuning and monitoring. Furthermore, GANs often require
large and diverse datasets for effective training (Zhao et al.
2020). The generator’s ability to produce realistic samples
hinges on learning from a rich dataset, which can be a sig-
nificant limitation when high-quality data is scarce.

2.2 Quantum generative adversarial networks

Quantum Generative Adversarial Networks (QGANSs)
leverage quantum computing principles to improve tradi-
tional GANs (Lloyd and Weedbrook 2018; Hu et al. 2019;
Niu et al. 2022). Early QGAN implementations primarily
focused on proof-of-concept models due to the constraints
of near-term quantum hardware. The first QGAN models
operated on minimal qubit counts, limiting them to generat-
ing low-resolution images, often as small as 2 x 2 or 4 x 4
pixels (Pajuhanfard et al. 2024). However, as quantum
hardware improves, more sophisticated QGAN architec-
tures have emerged. A significant milestone was achieved
by Huang et al. (2021), who demonstrated an experimental
QGAN capable of generating 8 x 8 grayscale handwritten
digits using a superconducting quantum processor. Their
approach introduced a patch-based quantum generator,
where each image was divided into multiple sub-generators,

Real Samples

Fake Samples

Discriminator

Real or Fake \ Loss H

Fine Tune Training
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each of which was processed by a dedicated quantum circuit
before being reconstructed. Despite utilizing only 5 qubits
per patch, QGAN successfully generated recognizable digit
images. Subsequent advancements pushed the resolution
of QGANSs further. Tsang et al. (2022) extended Huang’s
work by generating full-resolution 28 x 28 images on both
MNIST and Fashion-MNIST, marking a significant step for-
ward in quantum generative modeling.

Beyond resolution improvements, researchers have pro-
posed various approaches to incorporate quantum com-
puting into the GAN framework to enhance generative
modeling capabilities, leading to a diverse range of QGAN
architectures. For example, the QGAN model introduced in
Lloyd and Weedbrook (2018) employs quantum mechani-
cal systems for the discriminator, generator, and data gen-
eration process. Similarly, the Quantum Wasserstein GAN
(QWGAN) framework (Chakrabarti et al. 2019) integrates
quantum circuits to compute the Wasserstein distance
between real and generated distributions, a key component
of the Wasserstein GAN objective (Arjovsky et al. 2017).
Quantum Variational Autoencoders (QVAE) have also been
explored in generative modeling. One such approach com-
bines a Variational Autoencoder (VAE) with a QWGAN
by integrating the VAE’s decoder into the generator of the
QGAN (Thomas and Jose 2024). The VAE pre-trains the
generator, refining the quality of the latent space representa-
tion, which enhances training stability and sample quality.
Despite this enhancement, the core training process remains
adversarial, relying on the QWGAN framework. These
architectural advancements demonstrate the versatility of
QGANSs in leveraging quantum circuits for more efficient
and stable training.

More recently, alternative quantum neural architectures
have been introduced to further enhance image fidelity
and representation efficiency. One such development is
the Quantum Implicit Neural Representation (QINR), pro-
posed in Ma et al. (2025), which integrates implicit neu-
ral representations (INRs) with QGANSs to improve image
quality while reducing the number of trainable parameters.
Unlike traditional pixel-based generative approaches, INRs
represent data as continuous functions, enabling smoother,
higher-resolution image synthesis. By embedding quantum
circuits within the INR framework, the QINR-based QGAN
exploits quantum superposition and entanglement to cap-
ture complex patterns beyond classical generative models.
Empirical results indicate that QINR-based QGANSs outper-
form traditional QGANSs in sample quality while requiring
fewer computational resources, making them a promising
direction for further research.

While purely quantum GANs hold promise, their prac-
tical implementation remains challenging due to the cur-
rent limitations of quantum hardware and the complexity
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of building end-to-end quantum circuits. Hybrid models,
which combine classical and quantum components, offer
a more realistic and accessible approach to harnessing
the advantages of quantum computing. A common hybrid
approach is to use a classical neural network as the gen-
erator or discriminator while integrating a quantum circuit
within the other component. Tsang et al. (2022) exem-
plify this hybrid strategy with a fully quantum generator
that slices each 28 x 28 image into 28 column patches,
processes every patch through an independent five-qubit
variational circuit, combines the outputs together, and for-
wards the composite image to a classical WGAN-GP critic.
Despite using roughly three orders of magnitude fewer
trainable generator parameters than a size-matched classi-
cal WGAN, their model achieves comparable visual quality
on both MNIST and Fashion-MNIST. Likewise, the authors
in Shu et al. (2024) propose a hybrid GAN architecture in
which the generator consists of a quantum variational cir-
cuit combined with a one-layer neural network, while the
discriminator is a traditional neural network. The authors
examined the performance of this quantum-classical GAN
numerically by benchmarking it against a classical GAN on
the task of handwritten image generation. Their results sug-
gest that the integration of quantum circuits into the GAN
framework can potentially improve the training process and
the quality of the generated samples.

Beyond image generation, recent quantum machine
learning studies have reported task-specific advantages,
including hybrid quantum—classical models that outperform
classical baselines in ghost imaging with structured one-
dimensional data (Xiao et al. 2023), quantum reinforce-
ment-learning protocols that approach the Heisenberg limit
in quantum metrology without critical slowing down (Xu et
al. 2025), and generative quantum advantage for learning
and sampling from classically intractable distributions on
classical and quantum data (Huang et al. 2025).

The progress in QGAN research reflects the broader effort
to harness quantum computing for machine learning. While
practical, large-scale quantum generative models are still
an open challenge, recent developments in QGANs dem-
onstrate tangible improvements in sample quality, conver-
gence stability, and computational efficiency. As quantum
hardware continues to advance, QGANs will likely play a
pivotal role in next-generation generative modeling, offer-
ing unique advantages over purely classical architectures.

2.3 Transfer learning

Transfer Learning (TL) is a machine learning technique in
which a model trained on one task is adapted for another
related task, effectively enabling the reuse of knowledge
between models. This approach is particularly beneficial
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when labeled data for the target task is scarce, as it elimi-
nates the need for training models from scratch, which is
both computationally expensive and time-consuming.
Pre-trained models, often trained on large-scale datasets,
such as ImageNet (Deng et al. 2009), learn hierarchical
feature representations that can generalize well to various
domains (Han et al. 2021). These learned features can then
be either directly used as a fixed feature extractor or fine-
tuned to adapt to the specific target task.

Recent research has demonstrated the effectiveness of
transfer learning in image classification, showing that mod-
els pre-trained on ImageNet tend to generalize well to other
classification problems (Kornblith et al. 2019). This sug-
gests that feature representations learned from large-scale
datasets, like ImageNet, capture essential characteristics of
images, making them valuable in a wide range of computer
vision tasks (Kornblith et al. 2019; Fang et al. 2023). In
Azizi et al. (2021), the authors note the common practice of
transferring from ImageNet to medical imaging, indicating
empirical success despite the inherent differences between

Fig. 2 Proposed model architecture

natural and medical images. As a result, transfer learning
has become a key technique in deep learning, significantly
improving efficiency and performance in data-limited
scenarios.

3 Model

In this section, we present our proposed QGAN model by
describing the generator, the discriminator, the VQC we
adopt in both, and the transfer-learning setup. Figure 2 illus-
trates the proposed model architecture corresponding to the
four core configurations, which are evaluated in Section 4.

3.1 Generator

As illustrated in Fig. 2, the generator has two variants, one
with a classical block and one with a quantum block. Apart
from this first block, the rest of the architecture of the gen-
erator component is identical, ensuring that any observed
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performance differences arise primarily from the presence
or absence of quantum blocks, rather than from broader
architectural changes. The generator is structured as follows:

3.1.1 Latent vector (2)

Each training iteration begins with the sampling of a noise
vector, where dim(z)= nqubits = 5. We select five qubits to
keep the quantum circuit simulation computationally fea-
sible while still affording sufficient expressiveness in the
latent space. This design decision is consistent with the
approach taken by Tsang et al. (2022), who constrain the
latent space to low dimensions (less than 10) due to resource
limitations inherent in quantum simulations, yet demon-
strate that even a low-dimensional latent space can yield
smooth and meaningful mappings between latent vectors
and generated images.

3.1.2 Learning block

In our architecture, the learning block can either be classical
or quantum. The Classical Block and the Quantum Block
serve the same purpose (to process the ngypits-dimensional
latent vector z), yet they do so using different mechanisms.
Both blocks are designed to have a comparable number of
trainable parameters to ensure a fair baseline for assessing
quantum versus classical performance.

Classical This sub-network transforms z € R™avbits through
two fully connected layers with a ReLU in between. Con-
cretely, a linear layer projects z from R™aubits to R (with no
bias). Next, we have a ReLU activation to introduce non-
linearity. Finally, we add a second linear layer (with bias)
that maps R? back to Rrauwits. Let n{™*¥ ) denote the
total number of trainable parameters in the classical block.
The first linear layer has nqubits X 1 (weights only, no bias)
parameters, while the second linear layer has

1 X nqubits (Weights) + nqubits (biases) = 2ngubits-
Hence,

(classical) 9 _

Ng = (nqubits) + ( nqubits) = 3nqubits-

For nqubits = 5, this block thus contains 15 trainable
parameters.

Quantum In the quantum variant, a VQC is used to encode
z into qubit rotations rather than purely classical lin-
ear transformations. Specifically, each component of z is
loaded into the circuit via an RY rotation on a correspond-
ing qubit. Subsequently, a chain of CNOT gates introduces
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entanglement among the qubits. Each qubit then undergoes
a set of trainable single-qubit rotations: RX(6; o), RY(0; 1),
and RZ(6; 2). Because each qubit has three trainable param-
eters {0; 0,01, 0; 2}, the total parameter count for the quan-
tum block is:

(quantum)
Ng =3 Nqubits-

Thus, for nqubits = 9, the circuit also contains 15 trainable
parameters, which match the parameter budget of the clas-
sical block. After applying these rotations and entangle-
ment gates, we measure the expectation value of the Pauli-Z
operator on each qubit. This yields an nqubits-dimensional
output vector, which replaces the final output of the classi-
cal block. By constructing both blocks to produce the same
dimensional output (R™avbit=) and assigning them compara-
ble parameter counts (3 nqubits ), We ensure a balanced com-
parison between the quantum and classical approaches for
this critical first stage of the generator. The quantum circuit
architecture is discussed in detail in Section 3.3.

3.1.3 Fully-connected and batch normalization

After the latent vector z has been processed by the classical
or quantum block, the resulting R™avrits-dimensional out-
put is mapped via a fully connected (FC) layer into a larger
feature space of (256 x 4 x 4). This FC layer expands the
intermediate representation from a relatively small dimen-
sion (e.g., 5) to 256 x 4 x 4 = 4096 features. A one-dimen-
sional batch normalization layer then normalizes and scales
these activations across the batch, leading to more stable
training and improved convergence. The resulting vector of
4096 elements is subsequently reshaped into a 4 x 4 spatial
grid with 256 channels, forming the initial low-resolution
feature map upon which further upsampling and convolu-
tional operations are applied.

3.1.4 Residual upsampling blocks

Two sequential Residual Upsampling Blocks gradually
increase the spatial resolution of the feature maps. The
first block expands the feature maps from (256, 4, 4) to
(128, 8, 8), and the second block further expands them
from (128, 8, 8) to (64, 16, 16). These blocks are designed
to progressively increase spatial resolution while preserving
crucial information via shortcut (residual) connections. In
each block, as illustrated in Fig. 3, the input feature map is
first upsampled using nearest-neighbor interpolation, which
doubles its height and width. The upsampled output is then
refined through a series of standard convolutional layers
(each followed by batch normalization and a ReLU activa-
tion). Concurrently, a 1 x 1 convolution is applied to the
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Fig. 3 Residual upsampling block

Residual Upsampling Block

(in_ch, H, W)

l
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3x3 Conv, BN, ReLU —* (out_ch, 2H, 2W)

Y

3x3 Conv, BN — (out_ch, 2H, 2W)

—» 1x1 Conv —> (out_ch, 2H, 2W)

(out_ch, 2H, 2W)

upsampled input to align the channel dimensions with the
output of the convolutional path. This alignment enables an
element-wise addition between the two paths, ensuring that
the original features are preserved and that the gradient flow
remains smooth, thereby mitigating the vanishing or explod-
ing gradients commonly encountered in deeper networks.

This approach is inspired by recent advances in GANS,
where a step-by-step increase in resolution, combined with
residual connections, has been shown to stabilize train-
ing yielding higher-fidelity synthetic images (Karras et al.
2018). By incrementally building up to the final resolution
(e.g., 32 x 32), these modules provide the generator with a
robust mechanism to integrate both coarse and fine features,
ultimately improving image realism and reducing common
training instabilities.

3.1.5 Final upsampling and convolution

After the second residual upsampling block, the feature map
is further upsampled using nearest-neighbor interpolation,

increasing its spatial dimensions from (64, 16, 16) to
(64, 32, 32). Subsequently, a final 3 x 3 convolution is
applied to project the 64 channels down to 3 output channels
corresponding to the RGB color channels. This final convo-
lution refines the upsampled features, producing the synthe-
sized image with the desired resolution and color format.

3.1.6 Tanh output

A hyperbolic tangent (tanh) activation function is applied
to the final output of the generator, scaling the pixel intensi-
ties to the range [—1, +1]. This normalization is consistent
with the preprocessing of CIFAR-10 images, which are also
normalized to [—1, +1].

3.2 Discriminator
The discriminator likewise has two variants, a fully classical

variant and a hybrid variant that appends a quantum block
to the final layers. Both start from the ImageNet-pretrained

@ Springer
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ResNet-18 weights described in Section 3.4. All input
images (originally 32 x 32) are resized to 224 x 224 to be
compatible with the ResNet-18 backbone.

3.2.1 Fully classical discriminator

In the fully classical setting, we leverage the pretrained
ResNet-18 backbone for robust feature extraction. To tailor
ResNet-18 for our GAN framework and the low-resolution
CIFAR-10 images, we make several key modifications:

1. The original 7 x 7, stride-2 convl is replaced with a
3 x 3, stride-1 convolution wrapped in spectral
norm to preserve spatial detail in 32 x 32 images and
to stabilize GAN training.

2. The standard ResNet-18 architecture includes a max-
pooling layer early in the network to quickly reduce
spatial dimensions. However, since our inputs are low-
resolution images (e.g., 32 x 32 images), preserving
fine-grained spatial details is critical to differentiate
between real and generated images. Removing the max-
pooling layer ensures that these details are maintained
throughout the network.

3. The final FC layer of ResNet-18, originally used for
classification, is replaced with an identity function,
which outputs a 512-dimensional feature vector. This
modification retains the rich feature representation for
further processing, rather than constraining it to a fixed
classification space.

After these modifications, a linear layer maps the 512-dimen-
sional feature vector to a single scalar value for real/fake
discrimination.

3.2.2 Hybrid discriminator

In the case of a hybrid discriminator, we retain the ResNet-18
backbone with the same adaptations (conv! resizing, max-
pool removal, and identity mapping of the final FC layer)
to extract a 512-dimensional feature vector. The subsequent
layers are modified as follows:

1. Projection to nqubits: A linear layer projects the
512-dimensional feature vector to a lower-dimensional
space of size nqubits- This projection aligns the feature
vector with the input required by the quantum block.

2. Quantum Block: The nqubits-dimensional vector is pro-
cessed by a variational quantum circuit (similar to the
one used in the generator). This circuit applies trainable
single-qubit rotations and entangling gates, returning a
vector of the same dimension.

@ Springer

3. Final Linear Output: A final linear layer maps the output
of the quantum block to a single scalar value for real/
fake discrimination.

By integrating a quantum block into the final classification
layers in the hybrid configuration of the discriminator, we
aim to leverage potential advantages from richer, non-clas-
sical decision boundaries.

3.3 Variational quantum circuit

This integration of quantum circuits into classical neu-
ral architectures reflects a broader trend in hybrid quan-
tum-classical learning systems, where quantum layers are
“dressed” with classical pre-processing or post-process-
ing components. Such configurations, often referred to as
dressed quantum circuits, have been shown to improve
flexibility and training dynamics, especially in scenarios
involving transfer learning (Mari et al. 2020).

Our model deploys these dressed quantum blocks in the
generator, discriminator, or both, while maintaining a uni-
fied circuit design that balances expressive power with com-
putational feasibility. Figure 4 shows the circuit diagram
used in this project, which includes:

1. Data Encoding: Each qubit’s rotation angle (RY gate) is
set to a specific component of the input vector, whether
that vector represents latent noise (in the generator)
or projected features (in the discriminator). This step
embeds classical data into the quantum state.

2. Entanglement: Sequential CNOT gates between neigh-
boring qubits introduce correlations that are difficult
to replicate in purely classical networks. By tying the
qubits’ states together, the circuit can learn richer repre-
sentations, as demonstrated in multiple studies showing
that quantum circuits equipped with entangling gates
outperform non-entangling variants in generative mod-
eling tasks and QNN architectures. These results high-
light that entanglement is a key resource for capturing
complex data distributions (Benedetti et al. 2019; Nakhl
et al. 2024).

000
-+ OO
S+ OOOE
Sral

D

DOOO0
N

Fig.4 Quantum circuit diagram
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3. Trainable Gates: Each qubit undergoes parameter-
ized single-qubit rotations RX(6;0), RY(6;1), and
RZ(0;2). The circuit thus has 3 X nqubits learnable
parameters, tuned via backpropagation to improve per-
formance. Keeping nqubits relatively small ensures that
simulation overhead remains manageable.

4. Measurement: Finally, the circuit measures each qubit
in the Pauli- Z basis, returning a real-valued expectation
value per qubit. For a batch of size IV, this yields an
(N, nqubits) output tensor of expectation values, which
is then passed to the next stage of the network (e.g.,
a fully connected layer or the generator’s upsampling
blocks).

Overall, VQC implements a single-layer ansatz consisting
of data-encoding RY rotations, a nearest-neighbor entan-
gling chain, and one block of RX-RY-RZ rotations per
qubit, followed by Pauli-Z measurements. This standard-
ized, shallow design aligns with NISQ-oriented QML prac-
tices and allows a controlled comparison across different
placements of the quantum layer within the GAN.

During each training iteration, the discriminator is
updated by computing a loss from real images (labeled as
1) and images generated by the generator (labeled as 0),
and then backpropagating the sum of these losses to update
its parameters. Subsequently, the generator is optimized to
produce images that the discriminator misclassifies as real.
This adversarial training loop forms the backbone of our
experimental framework and provides a robust foundation
for comparing fully classical and hybrid quantum-classical
architectures.

3.4 Transfer learning

Compared to the extensive exploration and proven success
of transfer learning in discriminative tasks, such as image
classification and object detection, its application to gen-
erative tasks, particularly image synthesis, has received
relatively less attention (Zhao et al. 2020). Recent studies
have shown that transfer learning can also be beneficial in
improving the performance of GANs in target domains with
limited data (Zhao et al. 2020; Lv et al. 2021). A key com-
mon insight from these studies is that the low-level filters
of a pre-trained GAN discriminator, which capture general
visual features like edges and textures, can be effectively
leveraged to aid generation in the target domain. By freez-
ing or fine-tuning the low-level layers of the discriminator,
and only training the higher-level layers, the generator can
be guided to produce more realistic samples, even when the
target dataset is small. In contrast, the generator must typi-
cally be trained from scratch or carefully fine-tuned, as its
task of learning a novel and specific data distribution rarely

benefits from previously learned discriminative features.
This distinction emphasizes why practitioners commonly
apply transfer learning to discriminators to expedite GAN
training and enhance image quality, stability, and conver-
gence speed (Chong et al. 2024; Mo et al. 2020).

Following the discriminator design in Section 3.2, we
apply transfer learning exclusively to the discriminator
network. Specifically, we load the ImageNet-pretrained
ResNet-18 weights released by He et al. (2016), apply our
architectural modifications, and fine-tune all layers. The pre-
training provides robust edge and texture detectors, while
full fine-tuning enables the model to adapt entirely to the
CIFAR-10 domain and the adversarial training objective,
without the risk of freezing suboptimal filters. The archi-
tectural changes described earlier ( conv! resizing, removal
of the early max-pool, and replacement of the final FC layer
with Identity) are applied to both discriminator vari-
ants prior to fine-tuning. ResNet-18 is selected for its bal-
ance between computational efficiency and representational
performance, offering a lightweight yet effective backbone
for transfer learning on CIFAR-10 within hybrid quantum-
classical workflows. In this study, transfer learning serves as
a strong pretrained backbone for the discriminator, support-
ing feature extraction and training stability, while also pro-
viding a consistent classical foundation across Experiments
1-4 so that the effect of VQC placement can be assessed
more clearly.

4 Evaluation

Our work comprises four primary configurations (Experi-
ments 1-4) along with Experiment 5, which is an extension
of Experiment 4. The key variations lie in the integration
of quantum blocks within the generator and/or the dis-
criminator. Specifically, Experiment 1 employs a fully
classical architecture for both the generator and the dis-
criminator; Experiment 2 uses a classical generator with a
quantum-enhanced discriminator; Experiment 3 utilizes a
quantum-enhanced generator while retaining a fully clas-
sical discriminator; and Experiment 4 integrates quantum
blocks in both the generator and the discriminator. Experi-
ment 5 further examines the model under more demanding
conditions, including multiple classes and a longer training
duration.

To evaluate performance, we employ a comprehensive set
of metrics, including adversarial training losses, extended
quantitative measures such as FID, KID, and IS, as well as
qualitative assessments via visual inspection of generated
images. Together, these metrics allow for a detailed analysis
of convergence, training stability, and the overall quality of
the generated images.
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4.1 Experiments

The purpose of this research is to explore the integration
of quantum computing elements into GANs, specifically
focusing on their impact when combined with classical
transfer learning techniques in the discriminator. Although
our experiments are based on the CIFAR-10 dataset, we
design a progression of increasingly challenging settings.
We propose four core experimental setups, each training
on a reduced CIFAR-10 dataset (initially filtering only the
“Bird” class). The experiments vary by whether the genera-
tor and/or discriminator contain quantum blocks. Finally, in
Experiment 5, we extend the fourth experiment to inves-
tigate multiple classes (Birds, Cars, Dogs) with longer
training schedules (500 epochs) and varying sample sizes
to assess scalability and robustness. These multi-class and
reduced-sample settings serve as stress tests that push the
models beyond simpler regimes. The five core experiments
conducted in this study are as follows:

e Experiment 1 (Baseline, Fully Classical): A classical
generator paired with a classical discriminator utilizing
transfer learning. This serves as the reference model for
evaluating quantum enhancements.

e Experiment 2 (Classical Generator, Hybrid Discrim-
inator): A classical generator is combined with a hybrid
discriminator that integrates both transfer learning and a
quantum processing block.

e Experiment 3 (Hybrid Generator, Classical Dis-
criminator): A quantum-enhanced generator is trained
alongside a classical discriminator that incorporates
transfer learning.

e Experiment 4 (Fully Hybrid, Single-Class): Both the
generator and the discriminator employ quantum pro-
cessing components, alongside transfer learning in the
discriminator.

o Experiment 5 (Fully Hybrid, Multi-Class): To further as-
sess the robustness and generalizability of the fully hybrid
model (Experiment 4), we conducted extended experiments
under more demanding conditions. In these extended exper-
iments, the scope was broadened beyond the single “Bird”
class by performing separate runs on three distinct classes:
Birds, Cars, and Dogs. Moreover, the training duration was
increased from 100 epochs to 500 epochs, thereby enabling
a deeper analysis of long-term stability and scalability in a
hybrid quantum-classical setting. For evaluation, we com-
pared image quality and training dynamics using two dif-
ferent sample sizes: one experiment utilized 5,000 samples,
and another employed 2,500 samples. This comprehensive
evaluation framework facilitates a detailed examination of
the fully hybrid architecture’s performance under diverse
data regimes and extended training durations.
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To isolate the effect of the quantum components, we inten-
tionally avoid using deeper or more sophisticated GAN
backbones. More expressive classical architectures could
achieve strong performance on their own, making it difficult
to detect whether any observed gains are due to the quantum
layer or simply the added classical capacity.

4.2 Dataset

All experiments utilize the CIFAR-10 dataset, which con-
tains 60,000 color images of size 32 x 32 spanning 10 classes.
Because the discriminator uses a pretrained ResNet-18
(originally trained on ImageNet), we require 3-channel
RGB images to match the network’s expected input format,
and CIFAR-10 conveniently provides color images in that
shape. Moreover, CIFAR-10’s relatively small resolution
and simpler content reduce computational overhead, which
is particularly important when simulating quantum circuits,
allowing for faster training iterations.

For the initial 100-epoch runs of each experiment, we
filter the dataset to include only the “Bird” class (index 2),
thus isolating a single object category and focusing on the
generative capabilities without the multi-class confusion.
In Experiment 5, we broaden this scope by including three
classes, Birds (index 2), Cars (index 1), and Dogs (index 5),
and increasing training to 500 epochs, thus assessing how
the fully hybrid quantum-classical architectures scale with
multiple classes and longer training schedules.

In our experiments, after filtering CIFAR-10 for the target
(Birds) class, 5,000 images from the training set are used for
model training. Since the CIFAR-10 test set contains about
10,000 images, filtering it for the target class yields roughly
1,000 images for evaluating generative performance. Using
this held-out test subset for evaluation ensures that our per-
formance metrics are computed on images not seen during
training. Moreover, all images are loaded in batches of size
8 to accommodate quantum-circuit overhead, and normal-
ized to the range [—1, +1] across each channel.

4.3 Training setup

The training setup for our GAN experiments is designed
to balance computational efficiency with training stability,
particularly given the overhead associated with quantum cir-
cuit simulations. For Experiments 1 through 4, each model
is trained for 100 epochs to evaluate the convergence and
performance differences, while Experiment 5 (incorporat-
ing multiple classes of Birds, Cars, and Dogs) is trained
for 500 epochs to assess scalability and long-term stability.
To maintain a controlled comparison between classical and
hybrid configurations, all experiments use the same set of
training hyperparameters. In particular, all experiments use a
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consistent batch size of 8, which ensures that even the hybrid
quantum-classical models are trained within the avail-
able hardware/simulation constraints. We utilize the Adam
optimizer with a learning rate of 2 x 10~* and momentum
parameters § = (0.5,0.999), settings that are standard in the
GAN literature and effective for preventing mode collapse
by smoothing gradient updates. The Binary Cross-Entropy
with Logits loss function (BCEWithLogitsLoss) is applied to
both the generator and discriminator, allowing the discrimi-
nator’s output to be interpreted as raw logits while avoiding
numerical issues associated with separate sigmoid activa-
tions. To ensure robustness for the binary-class configura-
tions (Experiments 1-4), each model was evaluated across
four independent runs with different random initializations.

4.4 Evaluation metrics

We assess the performance of our GAN models using a multi-
faceted evaluation framework. First, we monitor the generator
and discriminator losses, which provide initial insights into the
adversarial training dynamics. Second, we perform periodic
visual inspections by generating sample images to subjectively
assess realism and diversity. Third, we compute extended
quantitative metrics to rigorously evaluate the quality of the
generated images. These metrics include FID, KID, and IS.

Fréchet inception distance (FID) FID measures the distance
between the feature distributions of real and generated
images. It is computed as:

Nl

FID = [l — gty + T3+ 5, — 2(%, 5, )

)

where i, and X, denote the mean and covariance of the
features extracted from real images, and p4 and 3, denote
those of the generated images. Lower FID values indicate
that the two distributions are closer, implying that the gener-
ated images more closely resemble the real ones.

Kernel inception distance (KID) KID is based on the squared
Maximum Mean Discrepancy (MMD) using a polynomial
kernel, and it provides an alternative measure that is less sen-
sitive to the choice of feature space while offering an unbi-
ased estimate with finite sample sizes. KID is defined as:

1
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where x; and y; represent the features of real and gener-
ated images respectively, n and m are the number of real

and generated samples, and &(-,-) is a polynomial kernel
3
function (e.g., k(a,b) = (% + 1) ). Lower KID scores

similarly indicate a closer match between the distributions.

Inception score (IS) IS evaluates both the quality and diver-
sity of generated images. It is calculated as:

15 = exp (. [Dice () | 20))] ).

where p(y|x) is the conditional probability distribution of
labels given an image x as predicted by a pretrained Incep-
tion network, and p(y) is the marginal distribution of the
overall generated images. A higher IS indicates that the gen-
erated images are both diverse and of high quality.
Collectively, these metrics offer a robust evaluation
framework: lower FID and KID scores signal better perfor-
mance, while a higher IS indicates better generative quality.

5 Binary classification results

In this section, we evaluate the performance of the four
experimental binary-class configurations, where the model
is trained to generate images from a single class (birds). We
report both quantitative findings (loss curves, FID, KID, and
IS) and qualitative insights based on the generated images.

5.1 Quantitative evaluation

Our quantitative evaluation consists of loss and metrics
analysis. In the loss analysis, we examine the generator and
discriminator loss curves over 100 epochs. In the metric
analysis, we compare the four experiments using FID, KID,
and IS to quantify the fidelity and diversity of the images.

5.1.1 Loss results

Figures 5a through 5d present the generator (orange) and
discriminator (blue) mean loss curves, aggregated over four
independent runs for each of the four experimental configu-
rations. The shaded regions represent the standard devia-
tion, providing insight into the consistency and stability of
the training dynamics across different random initializa-
tions. By comparing these curves, we can observe distinct
patterns of convergence, training stability, and adversarial
interaction in each model.

Experiment 1: classical generator with classical discrimina-

tor In this baseline model, the discriminator’s loss starts at
approximately 0.7 and gradually declines before stabilizing
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Fig. 5 Mean training loss curves with standard deviation shaded regions of experiments 14

in the lower loss range. Concurrently, the generator’s loss
rises steadily from approximately 2.4 to the 5.0-5.5 range.
This interplay suggests that the classical discriminator
becomes increasingly effective at separating real and fake
samples during training. The relatively narrow standard
deviation bands across epochs indicate that this behavior is
consistent across runs. While the classical generator avoids
immediate collapse, the high terminal loss suggests that it
struggles to produce samples that can effectively challenge
the discriminator as training progresses.

Experiment 2: classical generator with hybrid discrimina-
tor In this experiment, only the discriminator incorporates a
quantum block. The discriminator’s loss drops more sharply
in the early epochs (from roughly 0.8 to very low levels
within the first 15-20 epochs) before stabilizing at very low
levels, reflecting a heightened capacity to distinguish real
from fake images. The generator’s loss, meanwhile, rises rap-
idly and fluctuates throughout training. The comparatively
wide standard deviation region in this experiment indicates
greater variability across runs, suggesting that the quantum-
enhanced discriminator provides a stronger adversary, push-
ing the classical generator to more volatile loss values.

Experiment 3: hybrid generator with classical discrimina-

tor When the generator is augmented with a quantum block,
but the discriminator remains classical, the discriminator’s
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loss shows a brief early rise before gradually settling to a
low but nonzero range. Compared with Experiment 1, this
indicates a short initial re-balancing phase in the adversarial
interaction, after which the training dynamics become com-
paratively stable. The relatively narrow standard deviation
bands indicate stable training behavior across runs, while the
absence of the stronger fluctuations seen in Experiment 2 indi-
cates that placing the quantum block in the generator yields
smoother training than placing it only in the discriminator.

Experiment 4: hybrid generator with hybrid discriminator In the
fully hybrid model, both networks incorporate quantum blocks.
The discriminator’s loss drops rapidly in the early epochs, mir-
roring some patterns seen in Experiment 2, but stabilizes with
moderate fluctuations across training. The generator’s loss rises
rapidly in the early stage, with noticeable volatility, before set-
tling into a moderately high range, indicating sustained adver-
sarial tension. Compared to Experiment 2, the standard deviation
region is somewhat narrower during later epochs, indicating
more stable behavior across runs. The overall pattern suggests
that both networks are leveraging quantum features, leading to a
more sustained yet intense adversarial interaction, although the
discriminator remains the stronger side for much of training.

Taken as a whole, these loss plots suggest that VQC
placement meaningfully affects training behavior. Experi-
ment 2, where the quantum block is introduced only in the
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discriminator, shows the greatest variability and the widest
standard deviation bands, indicating less consistent dynam-
ics across runs. By contrast, Experiments 1 and 3 remain
comparatively tighter, while Experiment 4 appears more
controlled than Experiment 2 in later epochs, despite some
early volatility. These patterns suggest that placing quantum
components in both networks may support a more sustained
adversarial interaction than using a quantum discriminator
alone. While these loss trends are informative about training
stability, their implications for generative quality are inter-
preted together with the quantitative metrics and qualitative
results presented in the following subsections.

5.1.2 Metrics results

Table 1 summarizes the FID, KID, and IS across four inde-
pendent runs for each experiment. Lower FID and KID
values indicate that the generated images are closer to the
real-image distribution, whereas a higher IS implies better
quality and diversity in the generated samples.

The baseline model (Experiment 1) exhibits the highest
FID (321.9 + 34.2) and KID (0.27 + 0.09), along with the
lowest IS (1.85 £ 0.06). This fully classical setup struggles
to match the performance of the hybrid models. By intro-
ducing a quantum block into the discriminator (Experiment
2), FID decreases to 319.4 + 17.9 and KID to 0.23 = 0.02,
while IS increases to 2.26 + 0.12. Although this outper-
forms Experiment 1, it does not represent the best overall
outcome. When only the generator is quantum-enhanced
(Experiment 3), FID reduces to 250.0 + 15.5, KID to 0.14 +
0.02, and IS increasing to 2.54 = 0.34. This indicates a sub-
stantial improvement in quantitative performance relative
to Experiments 1 and 2. In the fully hybrid configuration
(Experiment 4), FID and KID reach their lowest mean val-
ues (218.5 £ 16.7 and 0.11 & 0.02, respectively), indicating

Table 1 Quantitative Performance Metrics (FID, KID, and IS) Across
Four Independent Runs (Mean + Std)

Ex Generator Discriminator FID (]) KID (}) IS (1)

1  Classical Classical 321.9+34.2 0.27+0.09 1.85+0.06
2 Classical Hybrid 319.4+17.9 0.23+0.02 2.26+0.12
3 Hybrid Classical 250.0 £15.5 0.14+0.02 2.54+0.34
4 Hybrid Hybrid 218.5+16.7 0.11 £0.02 2.55+0.44

Bold values indicate the best (optimal) performance for each metric
(i.e., lowest FID/KID and highest IS) across allexperiments

Fig. 6 Distribution of quantitative performance metrics (FID,
KID, and IS) across four independent runs for each experimental
configuration

FID (lower Is better)

the strongest distributional similarity to the real data, while
IS remains the highest at 2.55 + 0.44.

Compared with the classical baseline, Experiment 2
achieves a 0.78% reduction in FID, a 14.81% reduction in
KID, and a 22.16% increase in IS. Experiment 3 shows sub-
stantially stronger gains, with a 22.34% reduction in FID, a
48.15% reduction in KID, and a 37.30% increase in IS. The
fully hybrid model in Experiment 4 delivers the strongest
overall improvement, achieving a 32.12% reduction in FID,
a 59.26% reduction in KID, and a 37.84% increase in IS,
with the reported standard deviations indicating that these
improvements are consistent across repeated runs.

Figure 6 presents the distribution of FID, KID, and IS
scores across four independent runs for each experimental
configuration. Each data point corresponds to an individual
run, and the box plots summarize the median, interquartile
range, and full extent of the results. For FID, the distribu-
tions shift progressively lower from Experiment 1 through
Experiment 4, with the fully hybrid model achieving the
lowest scores across all runs. A similar trend is observed for
KID, where Experiment 4 exhibits both the lowest median
and the smallest spread, indicating consistent performance
across different initializations. For IS, all hybrid configura-
tions outperform the classical baseline, though the variance
increases in Experiments 3 and 4. Across all three metrics,
the distribution ranges of Experiment 4 remain separated
from those of Experiment 1, confirming that the observed
differences are consistent across runs.

However, it is important to acknowledge the biases
and limitations of certain evaluation metrics. As noted
by Alhamdi and Sunni (2024), FID can be biased toward
specific datasets, given its reliance on feature embeddings
from a pre-trained inception network. Similarly, IS has been
criticized for its unreliability in capturing the actual realism
of the generated samples. Therefore, relying on additional
metrics such as KID, which is less prone to domain-specific
biases, is crucial for a more comprehensive evaluation of
generative performance.

5.2 Qualitative evaluation

One key observation that we can conclude from visually
analyzing the generated images is that when the discrimi-
nator includes a quantum block but the generator remains
classical (as in Experiment 2, Fig. 7b), the model appears to

FID Score

KID Score Inception Score

.
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Fig. 7 Generated samples from experiments 1 - 4

converge slower in the early epochs — reflected by the highly
abstract and less-defined outputs at epochs 1, 5, and 30. In
contrast, placing the quantum block in the generator (Exper-
iment 3, Fig. 7c) seems to accelerate the initial learning pro-
cess; even within the first few epochs, the model begins to
form rudimentary bird outlines, suggesting that the quan-
tum-enabled generator rapidly captures essential structural
information compared to the other models. In the fully
hybrid setup (Experiment 4, Fig. 7d), the generator’s quan-
tum capacity competes with the quantum-enhanced discrim-
inator, which again introduces some early-stage volatility
but ultimately leads to more refined images. This qualita-
tive observation is grounded by the quantitative results in
Table 1, where the fully hybrid model achieves the stron-
gest overall performance, with a 32.12% reduction in FID,
a 59.26% reduction in KID, and a 37.84% increase in IS
relative to the classical baseline. Overall, these observations
reinforce that the location of the quantum block (generator
vs. discriminator) may influence the speed and character of
convergence during the initial phases of training.

6 Multi-class classification results

In this section, we present the results of Experiment 5,
where we evaluate our model on a multi-class classification
problem. Unlike the binary classification experiments we
conducted in Section 5, in this section, we focus on the fully
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Epoch 1

hybrid variant of our model as it is the one that outperformed
all other variants in the binary classification problem.

6.1 Quantitative evaluation

When trained on multiple classes (Birds, Cars, Dogs) in
a fully hybrid setting (Experiment 5), the model typically
enters a phase of initial instability followed by strong
improvement during the first 100-200 epochs, showing
noticeable gains in quality and distributional fidelity, as evi-
dent in Fig. 8a, 8b, and 8c. Beyond 200 epochs, the rate of
improvement gradually slows down, most curves begin to
flatten, and training enters a phase of incremental changes
rather than dramatic gains. However, the later stage is not
fully stable, as the metrics continue to display oscillations
and, for some classes, mild regressions rather than mono-
tonic improvement. For example, Car achieves its stron-
gest FID/KID improvements around the mid-training stage,
Dog reaches its highest IS in the mid-epoch range, and Bird
shows comparatively less consistent late-stage behavior.

While the hybrid architecture can handle complex, multi-
class data effectively, the key takeaway is that many of the
most substantial improvements emerge within the first few
hundred epochs and a plateau in progress (supported by the
relative stabilization of the scores and qualitative inspection
of the generated samples shown in Fig. 9), generally suggest
the model approaches a practically stable regime and is near
convergence.
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Fig. 8 FID, KID and IS scores for multiclass classification with 5000 samples
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Fig.9 Generated samples from experiment 5 with 5000 samples
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6.2 Qualitative evaluation

Figure 9a, 9b, and 9c illustrate the progression of gener-
ated samples at different training stages (epochs 100, 200,
300, 400, and 500). These visualizations confirm that most
substantial improvements occur within the first 200 epochs,
after which refinements are more gradual, supporting the
earlier observation that the model reaches near-convergence
around epoch 200.

7 Learning curve results

When the sample size is reduced to 2,500 per class, the early
training stages (epoch 0-200) show increased volatility and
slower convergence compared to the 5,000-sample runs.
However, as training progresses, the key metrics, such as
FID (Fig. 10a), KID (Fig. 10b), and IS (Fig. 10c), eventually
converge to levels that are comparable to those achieved
with a larger sample size in Fig. 8a, 8b, and 8c.

To further validate the observed stability in the 2500-sam-
ple setting, Fig. 11a, 11b, and 11c present the qualitative
evolution of generated images across training epochs.
Despite an initially noisier training process, the generator

500
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450 — Dog

400

350

300

Fréchet Inception Distance (FID)

0 100 300 400 500

200
Epochs

(a) FID Score (Lower values are better)

progressively refines object structures and textures, produc-
ing outputs comparable to those from the larger dataset.

This suggests that despite the initial instability, the model
is able to capture the essential features required for image
synthesis even with fewer samples. These findings suggest
that the fully hybrid design remains effective even under
data-limited conditions, and indicate that the transfer learn-
ing backbone remains practically beneficial within the more
demanding settings.

8 Conclusion

In this paper, we explored the integration of VQCs and trans-
fer learning techniques into GANs. We adopted an architec-
tural perspective and asked where a quantum layer should
be placed within the GAN in order to be most effective. To
this end, we fixed the VQC design and systematically com-
pared fully classical and hybrid configurations in which the
same VQC is inserted into the generator, the discriminator,
or both. Through our experimental evaluation, we assessed
the performance of various configurations across multiple
classes of the CIFAR-10 dataset and training conditions,
showing that, in our setting, hybrid quantum-classical
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Fig. 10 FID, KID and IS scores for multiclass classification with 2500 samples
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Fig. 11 Generated samples from experiment 5 with 2500 samples

GANSs can achieve improved quantitative metrics compared
to a purely classical baseline. The significance of this work
lies in demonstrating how the placement of quantum layers
within a GAN influences convergence behavior, representa-
tion capacity, and sample fidelity. Furthermore, we lever-
aged transfer learning, by incorporating pre-trained feature
extractors into the discriminator to support feature extrac-
tion and training stability. By bridging quantum computing
and deep learning, this research contributes to the ongoing
effort to leverage near-term quantum devices for practical
machine learning applications. While the experiments are
conducted in classical simulation, the VQC is intentionally
kept small and shallow to reflect realistic NISQ constraints.
Although noise on real devices would lower absolute per-
formance, the architectural trends arising from the place-
ment of the quantum layer may still remain valid, as they
depend primarily on the functional role of the circuit rather
than its depth.

Our results demonstrate that incorporating quantum
blocks into the GAN architecture can improve both the
qualitative and quantitative performance of the gener-
ated images in the studied setting. The fully hybrid model,
which integrates quantum blocks in both the generator and

the discriminator, outperforms the fully classical baseline
as well as the mixed configurations. Notably, a quantum-
enabled generator accelerates early visual convergence and
better captures intricate structural details, while a quantum-
enhanced discriminator introduces a more challenging
adversarial signal, slowing early visual convergence but
improving the final quantitative metrics relative to the base-
line. Furthermore, even with reduced sample sizes, the fully
hybrid model converges to performance levels comparable
to those achieved with larger datasets, suggesting that the
proposed design remains effective under reduced-data con-
ditions. These findings suggest that quantum components
can enhance the expressive power of GANs, thereby open-
ing new avenues for future research focused on optimizing
hybrid quantum-classical architectures and extending their
applications to high-resolution image synthesis and other
complex generative tasks. An important direction for future
work is to investigate how such few-qubit, shallow VQCs
could be scaled to deeper circuits and larger qubit counts,
for example via patch-wise tiling strategies or more expres-
sive hardware-efficient circuit architectures on emerging
devices as well as applying these models to specialized
domains, such as medical image synthesis.
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