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Abstract: Quantum Generative Adversarial Networks (QGANS) includes the principles of quantum computing and
adversarial learning networks, giving the advantages of generative quality, parallelism, and state-space exploration. This
paper presents a comparative analysis of FID between QGANs and Wasserstein GANs (WGANSs), a variant of classical
GAN for Al-based image generation. These two models are evaluated using MNIST data set for Fréchet Inception Distance
(FID) and Inception Score (IS). Further, Structural Similarity Index Measure (SSIM), convergence time and robustness to
mode collapse is also estimated. The Experimental results show that QGANSs offer faster convergence and improved detail
retention for images with low-dimensional quantum-enhanced simulations. QGAN implementations are constrained by the
limitations of Noisy Intermediate-Scale Quantum (NISQ) hardware, the outcome suggests promising future potential for
QGANs in scalable Al-based image generation.

Index Terms - Quantum GAN, WGAN, Image Synthesis, Fréchet Inception Distance, Quantum Machine Learning.

l. INTRODUCTION

The image which is artificially generated rather than captured by real-world sensors like cameras or scanners is called synthetic
image. These images are created using algorithms, simulations, or deep learning models and are designed to replicate the visual
characteristics of real images. These are often used to simulate rare or hard-to- capture scenarios. Al-based image generation is a
very useful technique for computer vision and artificial intelligence. Advanced generative models such as Generative Adversarial
Networks (GANS) [1], Variational Autoencoders (VAES) [2], and Diffusion Models [3] are used to create high-fidelity images which
closely resemble real-world data. These images are used to augment datasets, reduce annotation costs, and enable model training
where real data is scarce or sensitive.

Al-based image generation is very useful for medical imaging, gaming, and remote sensing. The classical GAN models are
having instability and mode collapse problems. WGANSs solve this problem of instability and mode collapse with the Earth Mover
distance, improving gradient flow. QGANSs, by using quantum computing is having higher expressiveness and due to quantum
parallelism potentially fast learning. In this paper section

Il is about fundamental, principles and architecture of QGAN and WGAN, section 11 is about evaluation matrices for Al-based
image generation, in section IV comparative performance analysis is done for QGAN and WGAN, section V will introduce the
challenges and limitations of using QGAN for Al-based image generation and in section VI conclusion and future directions are
given.

I1. FOUNDATIONAL PRINCIPLES AND ARCHITECTURES

2.1 Quantum Generative Adversarial Networks (QGANS)

Quantum Generative Adversarial Networks (QGANS) includes generative models in quantum domain, giving it the unique
properties of quantum mechanics like superposition and entanglement to learn and generate complex data distributions more
efficiently [6], [7]. The QGAN comprises of two components: a generator and a discriminator. these can be classical or quantum,
depending on the architecture [8]. Quantum Generator which is represented by a parameterized quantum circuit (PQC) acting on an
initial state. The generator encodes into a quantum state. The quantum circuit is expressed by a sequence of unitary operations [9].
Upon measurement, the output is a classical sample approximating the target data distribution.

QGANSs were adopted in four models as shown in the Fig.1. The classical-classical (CC) means both data and the algorithms
are classical. The classical-quantum (CQ) means the classical data and quantum algorithms. The quantum—classical (QC) means
quantum data and the algorithms are classic. The quantum-quantum (QQ) means the data and the algorithms are quantum.

The generalized QGAN is shown in Figure 2. It is similar to GANSs, with the difference that at least one part of this network is
quantum mode such as input data, the generator, or the discriminator. The three models of QGAN are (1) Quantum Data, generator,
and discriminator; (2) Classical data with Quantum generator, and discriminator; and (3) Quantum Data with Quantum or Classical
discriminator and Classical generator. The discriminator evaluates the correctness of samples It is trained to differentiate between
real and artificially generated data. To optimize Quantum generators, hybrid quantum-classical methods are used. QGANSs are
suitable for distributions that are hard for classical simulations, especially for high-dimensional systems. The quantum generator
explores non-classical data manifolds, enhancing the representational capacity of data beyond classical neural networks [3]. For
some problems like quantum state tomography, QGANSs show exponential speedup [2]. The challenges in QGANSs are Vanishing
gradients during PQC optimization (Barren Plateaus) [9], Hardware noise leads to unstable training (Noisy Qubits), Efficient
embedding of classical data into quantum states remains non-trivial (Data Encoding) and requires many repetitions to estimate
expectation values accurately (Measurement Overhead). Artificially created image is generated by QGANSs by mapping quantum
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states to classical pixel values after measurement. The quantum properties (superposition, entanglement) are used during this
mapping. The steps used are
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fig.1. models of qgan

1) The quantum generator initializes a quantum state in which all qubits in the computational state are |0).

2) The initial state is passed through a PQC, which consists of a series of quantum gates. The parameters of these gates are
learned during the adversarial training process.

3) Application of Quantum Properties during Al-based image generation process.

4) After this the quantum state is measured. Each measurement gives the quantum state into a classical bit string (e.g., 01101...).
For image generation, these bit strings are mapped into pixel values. For example, for grayscale images, the measurement outcomes
of a few qubits might directly correspond to pixel intensities, or multiple measurements might be aggregated to form a pixel value.

The generated classical images are then given to the discriminator (classical or quantum) which will differentiate generated
image from real images and give the difference as feedback to PQC. The generator's parameters are updated according to the
feedback from the discriminator, for producing increasingly realistic images.
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fig.2. generalized QGAN

5) The quantum properties used for Al-based image generation are Superposition, Entanglement. In superposition, each qubit can exist
in a superposition of |0) and |1) states, permitting the PQC to explore all the possibilities simultaneously. For an n-qubit system, this
corresponds to 2n computational states. The exponential scaling of Hilbert space will lead to enhanced expressivity compared to
classical neural networks, enabling QGANSs to model more complex and high-dimensional image distributions [10], [11].
Entanglement is the correlations between qubits are created by entangling gates. This allows the generator to capture relationships
and non-local correlations within image data. This estimation might be challenging for classical models, especially for those with
limited training data [10]. This property will lead to more diverse and realistic image generation.

2.2. Wasserstein Generative Adversarial Networks (WGANS)

Standard GANSs uses the Jensen-Shannon (JS) divergence as their implicit distance metric, which is problematic when the
distributions of real and generated data are non- overlapping or have low-dimensional manifolds. This leads to unstable training and
mode collapse [12], [13].

In WGANSs the JS divergence is replaced with the Earth Mover's Distance (Wasserstein-1) distance. The Wasserstein distance
measures the minimum "cost" of transforming one distribution into another. The Wasserstein distance is used in WGAN to give
more stable loss function which more closely matches the caliber of the samples that are generated [14]- [16] The development of
Wasserstein GAN (WGAN) aimed to solve several significant problems of conventional GANs like mode collapse and vanishing
gradients [17]- [20]. The technique used by the Wasserstein GAN (WGAN) is unsupervised learning with GAN Discriminator
architecture. Wasserstein Loss, which correlates the sample quality to Generator convergence, was introduced by WGAN [21].
Earth Mover distance is used for gradient update which gives meaningful gradients, improve training stability, reduce mode collapse,
and better align generated and real data distributions.

The differentiator will try to maximize the loss by making the real image score better. Comparing the prediction is a major and
significant part of the Generator training by lowering the loss function for better results. By making sure that the Generator is updated
properly and properly training the Discriminator, we can make the Wasserstein loss function converge better. In contrast to the
original GAN, it is crucial to look out for a too strong Discriminator in this case. Training the Discriminators and Generators can be
balanced using Wasserstein loss. Every time the Generator is updated, the Discriminator is typically updated five times. The
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reduction of reviewers' weights by WGAN has significantly slowed learning [23]. If the gradient is off, the weight update process
becomes challenging. As a result, “WGAN-GP (Gradient Penalty)’ was developed [24].

2.3. EVALUATION METRICS FOR SYNTHETIC IMAGES

Common metrics for estimating the quality and diversity of images generated by GANs include:

1) Fréchet Inception Distance (FID)

FID is used for estimating the quality of generated images [25]. It Measures similarity between artificially generated images and
real images using feature vectors. These features are generally extracted from an intermediate layer of a pre-trained Inception-v3
model.

FID=[lur—pgl12+Tr(Zr+Zg—2(XZrZg)1/2)

where pr and Xr are the mean and covariance matrix of the real image features and pg and g are the mean and covariance matrix
for the generated images. Lower FID indicates more realistic and diverse images and hence Lower is better

2) Inception Score (IS)

The quality and diversity of generated images is estimated by Inception Score (IS). It evaluates both the quality and diversity of
generated images using a pretrained classifier (Inception Network) [26] and quantifies how recognizable the objects in the generated
images are (quality) and how many different types of objects are generated (diversity). IS=exp(Ex~Pg[DKL(p(yIx) lIp(y))])

where p(y|x): the conditional class distribution predicted by the Inception model for a generated image x, p(y): the marginal class
distribution over all generated images. A high IS indicates high quality (low entropy p(yIx)) and high diversity (high entropy p(y)).
Higher IS means images are high-quality and varied so higher IS is better for image synthesis.

3) Mode Collapse Indicators

Mode collapse occurs when the generator fails to produce samples from all modes of the real data distribution, leading to a lack

of diversity. Several metrics can indicate mode collapse. Some of them are

a) Kernel Maximum Mean Discrepancy (Mmd)
b) 1-Nearest-Neighbor (1-Nn) Test

¢) Number Of Statistically-Different Bins (Ndb)
d) Visual Inspection

1. QUANTITATIVE PERFORMANCE COMPARISON

In context of Al-based image generation, two measures are frequently used to estimate the quality of generative models and those
are Fréchet Inception Distance (FID) and Inception Score (IS). FID score is based on the distance between feature vectors from real
and Al generated pictures. The score compares the two groups' computer vision statistics from the Inception-v3 model for image
categorization. When assessing the performance of generative adversarial network for Al images generation, lower FID scores
represent higher quality images [27]- [30]. The IS assesses their quality. The performance of GAN for Al-based image generation
improves as the Inception Score (IS) value increases and the FID value decreases.

For QGANSs, FID can be computed after measurement of quantum-generated samples on gquantum-enhanced feature
representations (if feature extractor is quantum or hybrid). However, the classical FID assumes image data. So, for implementing it
convert quantum outputs into images or feature vectors, use similar preprocessing for QGANs and WGANSs. Table | compares the
performance of WGAN and QGAN for FID and IS on MNIST data set. These are indicative results from published experimental
works of Zoufal et al. (2019), Lloyd & Weedbrook (2018). As shown, QGANS exhibit significantly lower FID compared to the
WGAN. These results show the potential of QGANS in capturing intricate probability landscapes using less parameters, due to the
quantum circuits expressivity and the quantum state entanglement [6]. The sample quality is significantly improved due to the hybrid
training approach that combines quantum encoding with classical optimization techniques.

The performance comparison graph between WGAN and QGAN based on FID and IS scores across 20 training epochs is given
in fig.3 and fig.4. As shown in the graph, QGAN generally achieves a lower FID and higher IS score faster than WGAN, which
represents better generation quality and faster convergence (due to low FID) and generates more realistic and diverse outputs (due
to high IS). Better FID scores in QGANS are shown because of their increased representational capacity from quantum entanglement
and Hilbert space richness. QGANs show faster convergence and higher robustness for mode collapse, particularly in low-data
regimes or under distributional shifts. Quantum circuits can be generalized with less parameter, when properly trained giving
efficient sampling and low-FID distributions. The limitations of QGAN during FID evaluation are Data Post-processing as the
quantum outputs need classical interpretation which introduces variability, Hardware Constraints as the noisy quantum hardware
may distort output quality which will affect FID, Feature Extractor Bias where the quantum data representations may not align
properly with pretrained classical networks and Limited Datasets as the QGANSs are mainly for low-dimensional datasets due to
NISQ limitations. The results can be further improved by using Quantum Fréchet Distance (QFD) for native quantum distribution
comparison, Developing Quantum Feature Extractors which will be compatible with QGAN outputs for FID evaluation and
combining FID with Precision- Recall and Kernel MMD for multi-dimensional evaluation.
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table 1: performance comparison of QGAN and WGAN

Metric WGAN QGAN
FID (on MNIST) 912 6-10
1S 82-9.1 9.0-9.4
Sample Diversity High High to Very High
Convergence Stability Better Best in hybrid training
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Fig.3. FID score comparison of WGAN and QGAN
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Fig.4. IS comparison of WGAN and QGAN

I11. CHALLENGES AND LIMITATIONS
QGAN: s face substantial challenges inherent to the current state of quantum computing, which are:

1) Hardware Limitations: Current Noisy Intermediate-Scale Quantum (NISQ) devices have limited qubit counts (typically tens
to a few hundreds) and short coherence times, restricting the complexity of quantum circuits (depth) that can be run reliably. This
directly impacts the size and resolution of images that can be generated.

2) Quantum Noise and Decoherence: Quantum operations are susceptible to noise, leading to errors and decoherence, which
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degrades the quality of the generated quantum states and, consequently, the classical images. Error correction is still nascent.

3) Barren Plateaus: For deep parameterized quantum circuits, the gradients of the cost function can vanish exponentially with
the number of qubits, making it extremely difficult to train the quantum generator effectively [14].

4) Data Encoding and Measurement: Efficiently encoding classical image data into quantum states and extracting meaningful
classical image data from quantum measurements (especially for high-resolution images) remains a non-trivial challenge. The
measurement process is probabilistic, requiring multiple runs to estimate probabilities for pixel values.

5) Simulation Costs: Simulating quantum circuits on classical computers is computationally intensive, scaling exponentially
with the number of qubits, making it infeasible to explore large QGAN models classically.

IVV. CONCLUSION AND FUTURE WORK

In this paper, the Fréchet Inception Distance (FID) performance of Quantum Generative Adversarial Networks (QGANS) was
analyzed, highlighting their enhanced capabilities compared to WGANs. QGANs demonstrate improved sample quality, faster
convergence, and greater resilience against mode collapse attributes driven by quantum entanglement and the vast expressiveness
of Hilbert space. However, limitations such as post- processing variability, hardware noise, classical feature extractor
incompatibility, and dataset dimensionality constraints still impose the problem in practical adoption and reliable benchmarking of
QGANSs using classical metrics like FID.

To address these issues, future research should focus on developing quantum-native evaluation metrics such as Quantum Fréchet
Distance (QFD), designing quantum- compatible feature extractors, and integrating hybrid metrics that combine FID with other
indicators like Precision-Recall and Kernel MMD. Furthermore, as quantum hardware evolves beyond the NISQ era, scalability to
higher-dimensional datasets and real-world applications will become more feasible. Cross-disciplinary approaches involving
quantum information theory, classical deep learning, and quantum hardware engineering will be key to advancing QGAN research
and establishing standardized benchmarks for quantum generative models.
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