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Abstract

Quantum Circuit Integration in Diffusion Models for Image Synthesis

The sequential inference process of modern diffusion models causes a

wide range of significant computational challenges in both implementation

and deployment. This creates bottlenecks that prevent parallelization and

result in slowed training convergence times. These models also struggle

when trained on noisy or biased data, making them less useful in a re-

source constrained environment or real time applications.

This praxis demonstrates that novel quantum loss functions and circuit

architectures improve the convergence of diffusion model training and sam-

pling quality through quantum probabilistic measurements. This architec-

tural approach demonstrates a useful way to build quantum enhanced gen-

erative artificial intelligence. The research develops and implements quan-

tum specific loss functions leveraging fidelity, trace distance, and quan-

tum divergence measures, while methodically examining quantum circuit

design strategies such as entanglement patterns and label encoding meth-

ods.

A hybrid quantum-classical diffusion model was constructed using Pen-

nyLane’s quantum simulation framework, integrating variational quan-

tum circuits within a denoising diffusion architecture. The model pro-

duces quantum measurement probability distributions as outputs, mak-

ing it easy to use with current simulators and, eventually, real quantum

hardware. The MNIST Digits dataset reduced to 8x8 pixel resolution was

used for the both investigating the circuit design space and for compar-

ative validation to other works. The performance was measured using

the Fréchet Inception Distance (FID), Structural Similarity Index (SSIM),
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and Peak Signal-to-Noise Ratio (PSNR) metrics. Some higher resolution

datasets were also used for validation, such as the MNIST, MNIST Fashion,

and CIFAR10 datasets. The high contrast, single channel datasets, like

MNIST, demonstrated broader applicability of this approach to higher res-

olution data. The multichannel, more natural imagery from the CIFAR10

dataset indicated nuances between generation task and architectural de-

cisions that may explain the observed reduction in performance.

Results from this research demonstrate design guidance for quantum

integration in diffusion models targeted for MNIST-like image denoising

tasks. The 28% improvements in FID, SSIM, and PSNR over similar works,

illustrate how tailored quantum loss functions and optimized circuit archi-

tectures can achieve competitive performance in denoising tasks. This re-

search contributes foundational insights for quantum enhanced generative

modeling; developing algorithms ready for deployment on physical quan-

tum hardware as the technology evolves.
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Chapter 1: Introduction

1.1 Background

Generative AI has become a widely used tool across many industries.

It has shown the ability to greatly improve workflows through generating

lifelike images and videos with GANs (M.-Y. Liu et al., 2020), coherent text

with LLMs (Chang et al., 2023), and scientific simulations with physics-

informed neural networks (ThermoAnalytics, 2024). As a subset of these

generative models, diffusion models have gained attention for tasks like

image generation and nosie removal (Cao et al., 2023). By transforming

noise distributions into structured outputs, these models have shown stong

performance in both accuracy and adaptability (Higham et al., 2023).

1.1.1 Diffusion Models

The diffusion model architecture is made up of two basic processing

passes: the forward pass and the reverse pass. The forward pass takes a real

data point and iteratively adds noise. The noise addition process usually

follows a gradual corruption process called a schedule, which tells how

much noise to add at each phase. The forward pass ends with pure noise.

In the backward pass, a model tries to describe this noise mathematically,

usually with a Markov chain. The backward pass aims to instruct a model

on how to reverse the noise introduced during the forward pass. A well

trained diffusion model would then be able to turn pure noise into fresh

data; showing it learned the reversal of the forward pass (Ho et al., 2020).

Diffusion models have gained prominence due to their improved perfor-

mance over other generative modeling techniques such as GAN and VAE.
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They demonstrate competency in generating diverse data types such as text,

audio, 3D models, as well as complex or highly dimensional data. Diffusion

models exhibit better training stability and convergence compared to GANs

because they do not engage in the zero-sum game, where the generator and

discriminator try to trick each other.

As with all models, there are some drawbacks to diffusion models. The

iterative steps required for training and inference require intensive compute

and can take much longer than other models for inference as a result. They

rely on assumptions about noise distributions that may not align with

the true data distribution. Diffusion models are relatively black box; the

intermediate states and learned noise mappings are not easily interpretable.

They can handle highly complex datasets; however, as data complexity

and dimensionality increase, inference and training times can become

prohibitively slow. Diffusion models are therefore impractical for large data

sets or real-time applications that have throughput or latency requirements

(Ho et al., 2020; Song et al., 2021).

1.1.2 Quantum Computing

Quantum computing uses quantum mechanics principles, like superposi-

tion, entanglement, and quantum interference, to do calculations differently

from classical computers. Classical bits represent data as either 0 or 1.

The quantum analog of the bit, thequbit, can exist in of both these states

using superposition. This enables quantum systems to highly parallelize

computations compared to classical computes. The capacity to parallelize

high dimensional problems is the main advantage quantum computing has

over classical methods.

Quantum computing encodes and manipulates information using the
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qubit. Classical computing accesses information by reading a memory

register, while a qubit is measured or observed. When measuring a qubit,

it goes from being in a superposition to being in a binary state of either 0

or 1. The probability of either outcome is determined by the qubits quan-

tum state prior to measurement. The measurement process demonstrates

the fundamental distinction between classical and quantum computing:

classical systems store definite values, while quantum systems maintain

probabilistic states until observed state (Benioff, 1980).

Akin to logic gates controlling bits in classical computers, quantum gates

change the state of qubits. A fundamental difference between logic gates

and quantum gates, is that quantum gates can effect more than one qubit,

creating entanglement. The design and architecture of gates creates a quan-

tum circuit. Quantum circuits are then used to make quantum algorithms.

Some examples of quantum algorithms are Quantum Approximate Opti-

mization Algorithm, Grover’s search algorithm, and Shor’s algorithm. These

are often employed to address problems in optimization, cryptography, and

simulation (Grover, 1996; Pan et al., 2024).

The computational advantages of quantum computing are not without

their own set of distinctive obstacles. Current quantum computing hardware

is in its early stages, with limitations such as qubit decoherence, noise, and

error rates. These limitations reduce the accuracy of measuring the qubit,

which we previously discussed being the cornerstone of computation. Error

with these measurements directly results in inaccuracies of algorithms and

therefore poor system performance. Another issue with quantum computing

is scalability. Increasing the number of qubits introduces new physical and

computational complexities in accurate measurement and gate control. One

way to fix this is to combine classical and quantum computing into a single
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system. This is the modern technique to use quantum accelerations while

keeping the stability of existing classical systems.

1.2 Problem Statement

Quantum generative models lack systematic design principles for effective

implementation, with fundamental questions remaining about loss function

selection, label encoding strategies, and circuit architecture for stable training

and performance..(Rudolph et al., 2024; Singh et al., 2024; Zhou et al.,

2025)

Classical diffusion models have attained excellent generation quality

through the utilization of proven architectural patterns and training method-

ologies (Ho et al., 2020). Quantum methods have their own design challenges

when attempting to outperforming their classical counterparts. A major

challenge is avoiding barren plateaus, where gradients vanish exponentially

with circuit depth (McClean et al., 2018). Classical optimizations to model

loss functions, may not provide adequate training signals in quantum set-

tings. For quantum algorithms to learn effectively the loss function used

should leverage quantum aware metrics (Schuld, 2022).

Furthermore, conditional generation in quantum circuits presents en-

coding challenges absent in classical systems. As class count increases,

limited qubit resources and geometric constrains the quantum state space.

This creates scalability bottlenecks that simple encoding strategies cannot

overcome (Schuld & Killoran, 2019). The choice of entanglement topol-

ogy critically impacts both model expressivity and optimization tractability.

In the quantum diffusion model space, systematic comparisons across

architectures remains sparse (Sim et al., 2019).

These challenges highlight the need for empirical investigation of quan-
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tum diffusion model design. This work seeks to establish architectural

principles through systematic evaluation of loss functions, encoding strate-

gies, and entanglement topologies. For quantum diffusion models, these

principles should allow stable training and competitive performance on

practical generation tasks. Quantum computing holds long term promise

for addressing computational bottlenecks in classical diffusion through po-

tential parallelization of inference steps (McArdle et al., 2020). However, the

near-term progress requires foundational understanding of how to effectively

design and train quantum circuits for generative modeling.

1.3 Thesis Statement

Novel quantum loss functions and circuit architectures improve training

and generation quality, enabling practical quantum enhanced generative AI.

This work investigates quantum fidelity, trace distance, and QKL diver-

gence to apply quantum principles to the model loss function. A systematic

exploration of entanglement strategies highlights the tradeoff between spa-

tial awareness and expressivity. Label encoding methods are explored to

highlight the trade between generation task and efficient label separation.

Together, these design principles demonstrate quantum integration in diffu-

sion models while maintaining competitive performance in image generation

tasks.

1.4 Research Motivation

Quantum computing provides a promising solution to address the defi-

ciencies of classical diffusion models. Classical diffusion models face two

primary limitations: the iterative serialized training and inference loops, and
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high dimensional data handling. Quantum systems have shown potential

in overcoming these barriers. They can model noise distributions more nat-

urally and with greater precision than classical counterparts (Schuld et al.,

2014). Quantum hardware has the potential to change the inference process

of diffusion models using methods like amplitude amplification (McArdle

et al., 2020). Amplitude amplification is a potential method for parallelizing

computations across time steps into a single-step reverse diffusion process.

The purpose of this research is to establish a connection between the

theoretical developments in quantum algorithms and their practical appli-

cations in diffusion models. This work aims to enhance loss function design

and circuit architecture to enable scalable and efficient generative diffusion

tasks. This research is done using quantum simulators as a means to

prepare the algorithmic approach for deployment on real quantum systems.

Simulators are a common approach in research to validate performance in

a cost-effective fashion using classical systems. This will be discussed more

in Chapter 2.

1.5 Research Objectives

The objective of this praxis is to facilitate an advancement towards the

intersection of quantum computation and artificial intelligence by creating

and evaluating quantum-enhanced diffusion models for generative tasks.

The primary goal is to develop and evaluate new loss functions that are

specifically designed for quantum diffusion models. This will be achieved

by utilizing quantum-specific metrics, such as fidelity, trace distance, and

quantum divergence measures, which are in accordance with the probabilis-

tic nature of quantum measurements. A secondary goal is to investigate

the foundational strategies for designing quantum circuits. This includes
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looking at the effects of various entanglement patterns (linear, circular, and

all-to-all) and label encoding methods on the stability of the training process

and the performance of the model.

Focusing primarily on image generation as a proof-of-concept application,

the MNIST Digits dataset is used as the primary benchmark for evaluating

performance. This approach enables systematic investigation of quantum

advantages while maintaining computational tractability within simulation

constraints. Although the immediate focus is on the generation of low-

resolution digits, the architectural principles and loss function innovations

that have been developed are intended to offer fundamental insights that

can be applied to more complex datasets and diverse data modalities in

future quantum computing research. To validate this claim, experiments

were also run on higher resolution datasets to assess generalizability in

generation tasks.

1.6 Research Questions and Hypotheses

RQ1: What are the key components of an effective quantum loss function,

and how can they be used to develop better loss functions?

RQ2: How is model performance at scale impacted by different label

embedding and label encoding strategies?

RQ3: How does the entanglement strategy impact the performance of

the diffusion model, and why?

H1: Incorporating trace distance or fidelity, or both, with QKL yields

lower FID with fewer training epochs than QKL alone.

H2: Traditional angle encoding exhibits insufficient Hilbert space sepa-

ration for effective class-conditional generation in high-dimensional multi-

class scenarios.
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H3: All-to-all entanglement will outperform other methods for image

data.

1.7 Scope of Research

This project explores the development and evaluation of a hybrid quantum-

classical diffusion model for image generation. The architecture employs

a denoising diffusion framework that incorporates variational quantum

circuits. The model utilizes quantum measurement probability distribu-

tions as the primary output mechanism. This allows quantum circuits to

learn noise removal patterns through iterative refinement of noisy images.

This probability-based approach provides a practical and implementable

framework compatible with both current simulators and near-term quantum

hardware.

PennyLane’s quantum simulation framework is used for the implementa-

tion. The work leverages Pennylane’s foundational quantum circuit manip-

ulation API to generate custom implementations of quantum circuits. The

quantum components incorporate a variety of choices that are inspired by

recent advancements in quantum generative modeling. In particular, the

Q-Dense architecture proposed by Kölle et al.

The model architecture specifically investigates different label encoding

strategies for class-conditional generation and examines how circuit depth

and entanglement patterns impact performance. In addition, novel quantum

loss functions are investigated that include adaptations of quantum fidelity,

trace distance, and QKL. These are used to assess whether quantum-specific

metrics provide training advantages over classical loss formulations.

A reduced resolution of the MNIST Digits dataset (8×8 pixels) is used

for validation. The decision to downsample the dataset was made to speed
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up training and inference times while prototyping different design choices

for the network. Smaller images allowed fewer simulated qubits and cir-

cuits, aligning with the exponential memory requirements of simulating

2n quantum states. Standard generative modeling metrics were used to

evaluate performance: FID, SSIM, and PSNR, . The proposed architecture’s

results were compared to published results from established classical diffu-

sion models and recent quantum generative modeling research using these

metrics.

The deliverables consist of a comprehensive report showing the architec-

tural design, quantum circuit implementation, training methodology, and

comparative performance analysis. This report provides empirical evidence

and practical insights to the emerging field of quantum-enhanced generative

modeling.

1.8 Research Limitations

This work is limited to PennyLane simulations of few qubit quantum

systems (less than 20 qubits). While simulation enables the development

of algorithms and rapid prototyping, it also imposes two constraints on

research. First, the computational cost of classical simulation grows expo-

nentially with qubit count, which is explained in detail later in this report.

Second, simulations do not capture the noise characteristics, decoherence,

gate fidelities, and hardware-specific constraints of physical quantum de-

vices. The performance results and advantages demonstrated in this work

represent idealized conditions that may not directly translate to NISQ hard-

ware. Additionally, training quantum circuits is constrained by the barren

plateau phenomenon thereby restricting model expressiveness even within

the simulated environment. These concepts are explained in greater detail

9



in Chapter 2.

This research is only applicable to the generation of images as a proof-of-

concept for quantum-enhanced diffusion models. Although diffusion models

have shown success in various domains outside of image geneartion, this

research does not investigate whether quantum advantages are applicable

to these alternative modalities. Different quantum speedup characteristics

may be demonstrated by complex data types with a more intricate structure,

necessitating further investigation

A fundamental architectural limitation lies in the use of quantum mea-

surement probability distributions rather than full quantum state vectors

with phase information. This design choice, necessitated by the constraints

of current quantum hardware where measurement collapses quantum

states, sacrifices access to quantum interference effects and phase re-

lationships. While this probability-based approach provides a practical

framework suitable for NISQ-era devices, it represents a lower bound on

potential quantum advantages, as full exploitation of quantum coherence

and phase information remains computationally expensive to simulate and

challenging to implement on physical hardware. Performance comparisons

are further limited to established classical diffusion baselines and select

quantum approaches.

1.9 Organization of Praxis

This praxis is broken up into five chapters. The second chapter is a

literature review, which investigates current quantum applications in ma-

chine learning with a focus on diffusion models. The third chapter is the

methodology, which focuses on the steps used and theoretical principles

behind the hybrid quantum-classical diffusion model developed under this

10



praxis. The fourth chapter shows the results and comparative analysis

against established baseline approaches. The final chapter summarizes

the research findings and outlines future recommendations to advance

quantum computing adoption in artificial intelligence.
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Chapter 2: Literature Review

2.1 Introduction

Quantum computing and generative AI have emerged as highly transfor-

mative technologies in recent years, even months. Classical generative mod-

els have achieved remarkable success (GANs (Goodfellow et al., 2014) and

VAEs (Kingma & Welling, 2022)), however they continue to be constrained by

computational complexity, sample efficiency, and training stability. Among

these, diffusion models (Ho et al., 2020; Sohl-Dickstein et al., 2015) have

shown state-of-the-art performance in image generation. These models pro-

gressively transform noise into structured data. Quantum diffusion models

represent an intriguing new frontier for enhancing generative performance

and efficiency.

This chapter provides a thorough analysis of the intersection between

quantum computation and diffusion models. We examine critical quantum

concepts that are relevant to generative modeling (hybrid quantum-classical

architectures, quantum loss functions, entanglement strategies, and more).

Additional the methods utilizing quantum principles to enhance the forward

and backward processes of diffusion models show improved performance

metrics such as IS (Salimans et al., 2016) and FID (Heusel et al., 2018).

2.1.1 Literature Review Organization

The following sections establish the theoretical foundation required to

understand and resolve the gaps identified. The architectural choices in

Chapter 3 are directly correlated with the quantum machine learning tech-

niques (variational algorithms, encoding strategies, entanglement, and loss
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functions) that are examined in Section 2.4. Finally, Sections 2.5-2.7 dis-

cuss practical implementation through hybrid quantum-classical systems

and simulation tools.

2.2 How This Praxis Addresses Research Gaps

This praxis directly addresses identified gaps by conducting a systematic

empirical investigation of quantum diffusion models. This work facilitates

controlled experiments that isolate the effects of various design choices

by utilizing a configurable hybrid quantum-classical diffusion framework,

which is implemented using PennyLane and PyTorch.

Addressing Gap 1 (Loss Functions): The implemented model uses a

configurable loss system. This enables direct comparison of quantum

based loss functions, classical loss functions, and adaptive multi-metric

combinations. This work offers empirical evidence for the selection of a loss

function in quantum diffusion models by evaluating convergence speed,

final performance (FID, SSIM, PSNR), and training stability across these

configurations. The adaptive multi-metric approach specifically investigates

whether the dynamic balancing of complementary objectives can succeed in

challenged landscapes, such as barren plateaus or weak gradient signals.

Addressing Gap 2 (Label Encoding): Evaluation of label encoding strate-

gies across varying class counts provides data on conditional sampling

scalability. Within class and betweeen class validation quantifies successful

class separability, revealing at what scale simple encodings fail and if learned

approaches can succeed. This analysis informs practical design decisions

for quantum conditional generation at scale (granted this is relatively small

scale even still).

Addressing Gap 3 (Entanglement Strategies): The comparison of en-
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tanglement topologies while controlling other variables demonstrates their

impact on circuit expressivity, training dynamics, and generation quality.

Standard generative metrics (FID, SSIM, PSNR) and convergence analysis

(loss curves, epochs to convergence) are used to determine effectiveness

of each topology that was investigated. This offers practical advice for the

selection of entanglement architecture in quantum generative models.

Addressing Reduction-to-Practice Gap: This work demonstrates the fea-

sibility of quantum diffusion models on current hardware by implementing

(simulating) a quantum diffusion pipeline, which includes amplitude encod-

ing, parameterized circuits, multiple loss functions, and evaluation metrics.

The open-source implementation provides a foundation for future research

and enables the community to build on these results. Realistic expecta-

tions for near-term quantum generative models are established through

performance comparisons against classical, and quantum, baselines.

2.3 Evaluation Metrics

Evaluating the quality of generative models requires metrics that capture

both fidelity to the training distribution and perceptual quality. Although

pixel-wise measurements (mean squared error) facilitate direct comparison,

they often lack correlation with human perception of image quality (Wang

et al., 2004). Modern generative model evaluation relies on three com-

plementary approaches: distribution-based metrics, perceptual similarity

measures, and pixel-level reconstruction quality.

2.3.1 Fréchet Inception Distance

The FID has become the benchmark measure for assessing generative

models, especially in computer vision contexts (Heusel et al., 2018). It
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measures the difference in feature distribution between real images and

those sampled from the trained model (comparing truth to sample). It is

common practice to use a pretrained Inception-V3 network for evaluation

(noting that this model does expect a standard input size of 299x299x3).

The equation below demonstrates how the Fréchet distance is calcualted

between two multivariate Gaussian distributions that are fitted to feature

representations:

FID = ∥µr −µg∥2 +Tr(Σr +Σg −2(ΣrΣg)
1/2) (2.1)

where µr,Σr and µg,Σg are the mean and covariance of real and generated

features, respectively. Lower FID scores indicate better quality and diversity.

Unlike Inception Score (Salimans et al., 2016), which only considers the

generated distribution, FID directly compares generated samples to real

data, making it more robust to overfitting and mode collapse (Borji, 2019).

FID has been widely adopted for evaluating diffusion models (Dhariwal

& Nichol, 2021; Ho et al., 2020) and has shown strong correlation with

human judgment of image quality (Chong & Forsyth, 2020). It should also

be noted that all quantum papers referenced in this work do not specify how

the input shape was handled for FID calculations, as the datasets used are

not natively 299x299x3 (with the majority being single channel gray-scale

images of shape 28x28x1).

2.3.2 Structural Similarity Index Measure

The SSIM quantifies perceived image quality by comparing luminance,

contrast, and structure between image pairs (Wang et al., 2004). In contrast

to pixel-wise metrics, SSIM integrates structural information and local

patterns that correspond with how humans visually perceive an image.
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SSIM(x,y) =
(2µxµy + c1)(2σxy + c2)

(µ2
x +µ2

y + c1)(σ2
x +σ2

y + c2)
(2.2)

where µx,µy are local means, σx,σy are standard deviations, σxy is the

covariance, and c1,c2 are stability constants. SSIM values range from -1 to

1, with 1 indicating perfect structural similarity (0 means no similarity, -1

means perfect inverse).

SSIM has shown significant use in evaluating denoising and reconstruc-

tion tasks inside diffusion models (Nichol & Dhariwal, 2021), where the

preservation of structural elements is essential. It is more sensitive to

distortions like blurring and block artifacts than pixel-wise metrics (Wang

& Bovik, 2009), making it complementary to FID for a broad assessment

of sampled image quality. However, SSIM requires paired ground truth

images, limiting its application to reconstruction scenarios rather than

unconditional generation (consider deterministic outputs such as MNIST

digits instead of just requesting "draw a flower").

2.3.3 Peak Signal-to-Noise Ratio

PSNR offers a simple assessment of image quality using pixel-wise mean

squared error:

PSNR = 10log10

(
MAX2

MSE

)
(2.3)

where MAX is the maximum possible pixel value. Higher PSNR indi-

cates better image reconstruction. While PSNR is widely used in image

processing and compression evaluations (Hore & Ziou, 2010), it exhibits

weak correlation with perceived image quality (namely in the presence of

complex distortions) (Wang & Bovik, 2009). Nevertheless, PSNR rcontinues
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to be an important supplemental statistic for assessing pixel-level accuracy,

especially in image-to-image translation and denoising operations (R. Zhang

et al., 2018).

2.3.4 Application to Quantum Generative Models

Evaluating quantum generative models present some unique challenges.

Conventional metrics such as FID need extensive sample collections. Col-

lecting sufficient data can be computationally prohibitive for quantum

simulations (Benedetti, Garcia-Pintos, et al., 2019). Recent research has

investigated quantum-specific evaluation methodologies, encompassing

quantum fidelity between produced and target quantum states (Lloyd &

Weedbrook, 2018), quantum kernel-based metrics (H.-Y. Huang et al., 2021),

the adaptation of classical metrics for quantum-generated samples (Zoufal

et al., 2019).

The evaluation technique for hybrid quantum-classical generative models

often integrates classical metrics (FID, SSIM, PSNR) applied to the final

produced images with quantum-specific assessments of circuit expressivity

and trainability (Sim et al., 2019). This framework assesses both quantum

circuit properties and classical output quality. Therefore, it provides insight

into model performance. Specifically, it can identify whether limitations arise

from quantum circuit design or a different part of the classical processing

chain (Schuld, 2022).

2.4 Quantum Machine Learning

Quantum machine learning integrates quantum mechanical principles

into conventional machine learning methods (Biamonte et al., 2017). Quan-

tum machine learning is mostly theoretical, owing to hardware constraints.
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Nonetheless, hybrid quantum-classical methodologies have shown potential

on NISQ devices (Cerezo, Arrasmith, et al., 2021). Hybrid methodologies

integrate traditional optimization techniques with parameterized quantum

circuits. Consequently, researchers may investigate quantum benefits with-

out the need of fault-tolerant quantum computers.

2.4.1 Variational Quantum Algorithms

VQA form the foundation of near-term quantum machine learning (Cerezo,

Arrasmith, et al., 2021). VQAs mitigate the constraints of NISQ hardware

by using shallow quantum circuits with trainable parameters (tuned with

classical feedback mechanisms). The general VQA framework consists of

three components. The first is a PQC that generates quantum states. The

next is a measurement process that retrieves classical information. Finally,

a classical optimizer adjusts circuit parameters to minimize a cost function.

The VQA architecture can be defined using the following equation:

min
θ

L (θ) = min
θ

⟨ψ(θ)|Ô|ψ(θ)⟩ (2.4)

|ψ(θ)⟩ is the quantum state prepared by the PQC with parameters θ . Ô

is an observable operator corresponding to the cost function. The expected

value is determined by repeated measurements, whereas standard opti-

mization methods (such as gradient descent and Adam) repeatedly adjust

θ .

Successful VQA applications include the Variational Quantum Eigen-

solver for quantum chemistry (Peruzzo et al., 2014), the Quantum Approxi-

mate Optimization Algorithm for combinatorial optimization (Farhi et al.,

2014), and Variational Quantum Classifiers for supervised learning (Schuld

et al., 2020). The adaptability of the VQA framework renders it especially
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appropriate for generative modeling tasks, whereby the quantum circuit ac-

quires the ability to prepare states that embody specified data distributions

(Benedetti, Garcia-Pintos, et al., 2019).

2.4.1.1 Parameterized Quantum Circuits

PQCs, also called variational circuits or quantum neural networks, are

the trainable components of VQAs (Benedetti, Lloyd, et al., 2019). A PQC

consists of alternating layers of parameterized single-qubit rotations and

fixed entangling gates:

U(θ) =
L

∏
l=1

Wl(θl)El (2.5)

where Wl(θl) represents a layer of parameterized rotation gates (typically

RX(θ), RY (θ), RZ(θ)), and El represents a layer of fixed entangling gates (typi-

cally CNOT gates arranged according to some topology). The circuit depth L

governs the tradeoff between expressivity and trainability. Deeper circuits

are capable of representing more intricate functions. However, they become

harder to train because of the barren plateau problem discussed earlier

(among becoming prohibitably more expensive to train computationally)

(McClean et al., 2018).

The architecture of a PQC is made up of gate types, layer structure, and

entanglement topologies. The design choices made in constructing these

pieces into the final circuit significantly influences the circuit’s expressivity

and trainability (Sim et al., 2019). Recent research suggests that a PQC can

approximate any quantum state desired, assuming the circuit has sufficient

depth (Nakaji & Yamamoto, 2021). The effectiveness of deep circuit design

is also influenced by initialization methods and circuit architecture, not just

complexity alone (Grant et al., 2019; Skolik et al., 2021).
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In quantum generative modeling, PQCs serve as the mechanism for trans-

forming basic input states into complex output distributions. The circuit

must be sufficiently expressive to reflect the target data distribution while

staying trainable within the limitations of both simulators and NISQ hard-

ware (Coyle et al., 2020). The conflict between expressivity and trainability,

therefore, necessitates careful circuit design (Ostaszewski et al., 2021).

2.4.2 Data Encoding Strategies

Encoding classical data into quantum states is a known challenge in

quantum machine learning. The selection of encoding strategy directly

impacts model performance, circuit depth (and other design decisions),

and computational requirements (Schuld & Killoran, 2019). Three primary

encoding families have emerged: basis encoding, amplitude encoding, and

angle encoding.

2.4.2.1 Basis Encoding

Basis encoding is the most simplistic method for encoding data into the

PQC. It directly associates classical bit strings with computational basis

states (Schuld & Killoran, 2019). For a n-bit classical input x ∈ {0,1}n, basis

encoding constructs the quantum state:

|x⟩= |x1,x2, . . . ,xn⟩ (2.6)

This encoding requires n qubits for n bits of classical data, providing no

quantum advantage in data capacity. However, basis encoding is determin-

istic, requires minimal circuit depth (only X gates for bits set to 1), and

preserves orthogonality between different inputs. Basis encoding is com-
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monly used for discrete, categorical data and as a component in quantum

kernel methods (Havlíček et al., 2019).

2.4.2.2 Amplitude Encoding

Amplitude encoding accomplishes exponential data compression by as-

sociating N classical values with the probability amplitudes of an n-qubit

state, where n = ⌈log2 N⌉ (Möttönen et al., 2005). For a normalized classical

vector x ∈ RN with ∥x∥2 = 1, amplitude encoding can be defined using the

following equation:

|ψx⟩=
N−1

∑
i=0

xi|i⟩ (2.7)

Amplitude encoding enables processing of high-dimensional data using a

greatly reduced number of qubits compared to basis encoding. For example,

a 28×28 MNIST image with 784 pixels requires ⌈log2(784)⌉= 10 qubits with

amplitude encoding, compared to 784 qubits for basis encoding.

However, amplitude encoding presents significant challenges. First, the

preparation of an arbitrary quantum state requires circuits with depth that

scales as O(N) (Möttönen et al., 2005). However, more efficient schemes

exist for specific data structures (Plesch & Brukner, 2011). Secondly, the ex-

ponential compression implies quantum operations influence all amplitudes

simultaneously. This assumption can make learning localized features dif-

ficult (Schuld & Killoran, 2019). Third, amplitude encoding requires data

normalization, which can lose information about magnitude.

Despite these challenges, amplitude encoding is extensively used in quan-

tum machine learning owing to its effective utilization of qubits (Benedetti,

Garcia-Pintos, et al., 2019; Zoufal et al., 2019). Recent research has pro-

duced specialized amplitude encoding circuits tailored for certain data types,
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including images and time series (S. Y.-C. Chen et al., 2020; Kerenidis et al.,

2019).

2.4.2.3 Angle Encoding

Angle encoding (also called quantum feature mapping) encodes values

as a rotation angle on a single qubit gate (Schuld & Killoran, 2019). For an

n-dimensional classical input x = (x1, . . . ,xn), angle encoding applies:

U(x) =
n

∏
i=1

Rα(xi) (2.8)

where Rα ∈ {RX ,RY ,RZ} is a rotation gate and xi is typically scaled to [0,2π].

This encoding requires n qubits for n features, providing no data compression,

but creates smooth, continuous representations that may be easier to learn

from (Havlíček et al., 2019).

Angle encoding naturally extends to higher-order feature maps by in-

cluding entangling operations and repeated rotations (Havlíček et al., 2019).

This flexibility allows the encoding to implicitly associate data with high-

dimensional quantum feature spaces, similar to kernel approaches in con-

ventional machine learning. Quantum kernel methods using angle encoding

have shown benefits for certain classification tasks (H.-Y. Huang et al., 2021).

2.4.2.4 Hybrid and Specialized Encodings

Recent research has investigated hybrid encoding schemes that amalga-

mate several methodologies to optimize efficiency and expressivity (LaRose

et al., 2019). Amplitude encoding is applicable for high-dimensional con-

tinuous data, while angle encoding is suited for low-dimensional labels or

conditioning variables. This hybrid methodology is important for conditional

22



generative models because it is often necessary to encode data and labels

differently (H.-L. Huang et al., 2021).

In diffusion-based generative models, amplitude encoding is often fa-

vored for picture data because of qubit efficiency. Labels are frequently

encoded differently than pixel data and use angle encoding to ensure class

separation (Jerbi et al., 2023). The choice of label encoding strategy be-

comes particularly critical as the number of classes increases, since simple

angle-based encodings may suffer from overlap when class angles become

too close on the Bloch sphere (Schuld & Killoran, 2019).

2.4.3 Entanglement in Quantum Machine Learning

Entanglement is a quantum correlation between qubits that cannot

be described by classical correlations. Entanglement is fundamental to

quantum machine learning since it is a crucial element in circuit design

and implementations (Horodecki et al., 2009). The entanglement strategy

of a quantum circuit directly influences its expressiveness and trainability.

Circuit expressivity refers to the spectrum of functions it may represent

(Sim et al., 2019).

2.4.3.1 Entanglement and Circuit Expressivity

A quantum circuit’s expressivity depends on the entanglement structure

of its parameterized gates (Sim et al., 2019). Circuits without entangling

gates can only prepare product states, thus limiting representational power.

The incorporation of two-qubit entangling gates (CNOT, CZ, etc.) enables

the circuit to establish correlations between qubits, hence allowing it to

represent a larger volume in Hilbert space.

Sim et al. (2019) examines this relationship by investigating the influ-
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ence of diverse entanglement topologies on the expressiveness of quantum

circuits (Sim et al., 2019). They introduced a metric that measures the

divergence between ensembles of randomly parameterized circuits and the

Haar-uniform distribution. This illustrates that circuits exhibiting all-to-

all entanglement attain optimal expressivity. In contrast, circuits with

restricted connectivity, such as linear chains, have less expressivity.

The entanglement capacity of a circuit can be quantified using metrics

like the Meyer-Wallach entanglement Q. For a pure state |ψ⟩ on n qubits is

given by:

Q(|ψ⟩) = 2
n

n

∑
k=1

(
1−Tr(ρ2

k )
)

(2.9)

ρk denotes the reduced density matrix of qubit k. Higher Q values indicate

greater entanglement within the defined system. Studies have shown that

generative models with higher entanglement can more effectively describe

complex probability distributions (J.-G. Liu & Wang, 2018).

2.4.3.2 Entanglement Topologies

Entanglement topologies define the structure of how, or if, qubits interact.

The design decisions made that involve how qubits interact directly impacts

the resultant circuits expressivity and trainability (Nakaji & Yamamoto,

2021). Common entanglement topologies will be addressed below.

All-to-all (Dense) entanglement links every qubit pair, providing maxi-

mum expressivity while increasing circuit depth. This is typically imple-

mented using StronglyEntanglingLayers in PennyLane or brick-layer pat-

terns of CNOT gates (Bergholm et al., 2022). Dense entanglement enables

rich correlations over the whole quantum register; however, it requires O(n2)

gates per layer, making it costly for systems with high numbers of qubits.
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Linear entanglement connects qubits in a one-dimensional chain with

nearest-neighbor interactions. This requires O(n) gates per layer, making

it efficient for NISQ devices with limited connectivity (Farhi et al., 2014).

However, creating correlations between distant qubits requires informa-

tion to propagate through intermediate qubits, potentially requiring deeper

circuits.

Ring entanglement is an extension of linear chains. It links the first and

last qubits, establishing a periodic boundary constraint. Ring entanglement

requires O(n) gates and promotes a more uniform connectivity than linear

chains without too much additional overhead (K. Zhang et al., 2020).

Star entanglement refers to a primary qubit that entangles with all

others, creating a "hub-and-spoke" configuration (Johri et al., 2021). This

design requires O(n) gates while enabling two-step communication between

any pair of qubits via the central hub. Star topologies may be especially

advantageous when one qubit has a prominent function, such as preserving

conditioning information..

2.4.3.3 Entanglement and Trainability Trade-offs

While greater entanglement generally increases expressivity, it can also

harm trainability through the barren plateau phenomenon (McClean et al.,

2018). Circuits characterized by significant (deep) entanglement and ran-

dom initialization experience exponentially diminishing gradients, making

optimization very challenging (Cerezo, Sone, et al., 2021).

Recent research has found techniques to help manage this trade-off. Lay-

ered learning, which progressively enhances circuit depth during training,

facilitates deeper entanglement while avoiding barren plateaus (Skolik et al.,

2021). Correlation-aware initialization sets parameters to provide minimal
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initial entanglement. This increases gradient flow prior to transitioning to

increasingly entangled states (Grant et al., 2019). Problem-inspired ansätze

us designed to match the entanglement structure to the problem at hand.

This can achieve good performance with moderate entanglement (Cerezo,

Arrasmith, et al., 2021).

For quantum generative models, the choice of entanglement topology

represents a critical design decision. Dense entanglement may provide

enhanced expressivity for intricate distributions. However, it requires metic-

ulous setup and may face training challenges. Sparse topologies (linear or

ring) provide enhanced training stability but may need deeper circuits to

get similar performance (Du et al., 2020). The ideal selection is contingent

upon the particular generating job, the number of accessible qubits, and

the target hardware.

2.4.4 Quantum Loss Functions and Training Landscapes

The selection of loss function profoundly influences the training dynamics

and overall efficacy of quantum machine learning models (Schuld, 2022).

Unlike classical neural networks, where gradient-based optimization is well-

understood, quantum circuits present unique challenges. These include

exponentially large state spaces, measurement-induced randomness, and

hardware noise. These factors need careful design of the loss function to

guarantee steady and efficient training.

2.4.4.1 Barren Plateaus in Quantum Training

A fundamental challenge in training variational quantum circuits is

the barren plateau phenomenon. This occurs when gradients of the loss

function vanish exponentially with system size or circuit depth (McClean
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et al., 2018). For a randomly initialized n-qubit circuit, the variance of the

gradient decaysas:

Var[∂θL ] ∈ O(1/2n) (2.10)

This exponential decay indicates that for intermediate sized circuits

(>20 qubits), gradients approach zero, preventing any meaningful learning

(Cerezo, Sone, et al., 2021). The presence of barren plateaus is contingent

upon the circuit design and the configuration of the loss function. Holmes

et al. (2022) found that certain loss functions (those based on global

observables) are more susceptible to barren plateaus than local observable-

based losses (Holmes et al., 2022). Cerezo et al. (2021) showed that the loss

function landscape is closely linked to the entanglement structure of the

circuit. Ultimately they concluded that highly entangled random circuits

were most susceptible to barren plateaus (Cerezo, Sone, et al., 2021).

There are some strategies to avoid barren plateaus. One is using shallow

circuits with moderate depth (Cerezo, Arrasmith, et al., 2021). Another

was found that employing problem-inspired circuit structures rather than

random ansätze seemed to reduce the occurance of barren plateaus (Bittel

& Kliesch, 2021). Implementing identity-initialized parameters to start with

minimal entanglement also shows promise (Grant et al., 2019). Finally,

loss function implementations that focus on local structure also seemed to

reduce the barren plateau phenomenon (Cerezo, Sone, et al., 2021).

2.4.4.2 Fidelity-Based Loss Functions

Quantum fidelity serves as an intrinsic loss function for generative

modeling tasks. It quantifies the alignment between produced and intended

quantum states (Lloyd & Weedbrook, 2018). For pure states |ψ⟩ and |φ⟩, the
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fidelity is defined as:

F (|ψ⟩, |φ⟩) = |⟨ψ|φ⟩|2 (2.11)

Fidelity-based loss is therefore expressed as Lfid = 1−F , where 0 repre-

sents a perfect match and 1 represents orthogonality between states. For

mixed states (represented by density matrices ρ and σ ), fidelity is generalized

as F (ρ,σ) = Tr(
√√

ρσ
√

ρ)2 (Nielsen et al., 2002).

Quantum generative models using a fidelity-based loss function receive

several advantages of those that use classical loss functions. First, fidelity

respects the geometry of quantum state space, suitably addressing quantum

superpositions (Bengtsson & Życzkowski, 2017). Secondly, fidelity remains

unchanged during global phase changes, which lack physical significance

(Lloyd & Weedbrook, 2018). Third, fidelity may be effectively assessed on

quantum hardware via swap tests or other quantum protocols (Ekert et al.,

2002).

However, fidelity also has limitations. Computing exact fidelity requires

full access to the quantum state, which scales exponentially with qubit

count. As a result, it can be prohibitive for large scale systems or simulations

(Schuld, 2022). Fidelity is also susceptible to barren plateaus (Cerezo, Sone,

et al., 2021). Recent work has examined variations to mitigate these issues,

such as projected fidelity (H.-Y. Huang et al., 2020) and subset fidelity

(Khatri et al., 2019).

2.4.4.3 Divergence-Based Loss Functions

Divergence metrics based on information theory provide an alternative

category of loss functions for quantum machine learning. The quantum

relative entropy (quantum KL divergence) between density matrices ρ and σ
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is defined as:

D(ρ∥σ) = Tr(ρ logρ)−Tr(ρ logσ) (2.12)

When applied to probability distributions derived from measurements,

this simplifies to the conventional KL divergence (Kullback & Leibler, 1951):

D(p∥q) = ∑
i

pi log(pi/qi) (2.13)

KL divergence is widely used in classical generative models, particularly

VAEs where it measures the deviation between approximate and true pos-

terior distributions (Kingma & Welling, 2022). However, in the quantum

setting, KL divergence has several drawbacks. It is asymmetric, unbounded,

and undefined when the support of q does not contain the support of p (i.e.,

when qi = 0 but pi > 0). More critically, KL divergence can exhibit barren

plateaus in quantum circuits(Holmes et al., 2022). Alternative divergences

have been explored for quantum settings. The quantum Jensen-Shannon

divergence provides a symmetric, bounded alternative (Müller-Lennert et al.,

2013). The quantum f -divergences offer a general framework encompassing

many specific divergences as special cases (Petz & Ghinea, 2011).

2.4.4.4 Distance-Based Loss Functions

Trace distance provides a robust alternative to divergence-based losses.

For density matrices ρ and σ , trace distance is defined as:

T (ρ,σ) =
1
2

Tr|ρ −σ |= 1
2
∥ρ −σ∥1 (2.14)

When restricted to probability distributions from measurements, trace
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distance reduces to total variation distance: T (p,q) = 1
2 ∑i |pi − qi| (Nielsen

et al., 2002).Trace distance has several advantages for quantum machine

learning (Schuld, 2022). It is symmetric, bounded in [0,1], and always

well-defined regardless of distribution support. Unlike KL divergence, trace

distance does not blow up when predicted and target distributions have

different support, providing more stable gradients during training. Trace

distance is also related to the distinguishability of quantum states under

optimal measurements, giving it operational meaning (Fuchs & van de Graaf,

1999).

Recent research indicates that trace distance-based losses may alleviate

barren plateaus in some contexts (Holmes et al., 2022), though they are not

completely immune. Arrasmith et al. (2021) demonstrated that loss func-

tions exhibiting local structure (where the measured observable relies only

on a limited selection of qubits) encounter diminished gradient vanishing

(Arrasmith et al., 2021).

2.4.4.5 Multi-Metric and Adaptive Loss Functions

Considering that various loss functions possess complimentary advan-

tages and disadvantages, recent studies have investigated the integration

of several loss terms with adaptive weights (Bravo-Prieto et al., 2020). A

multi-metric loss function is expressed as follows:

Ltotal = ∑
k

wk(t)Lk (2.15)

Lk are individual loss components and wk(t) are time-dependent weights

that adapt during training steps.

A variety of adaption techniques have been proposed in the research

community. Gradient-based weighting updates weights inversely relative
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to component gradients. Equal optimization across terms is therefore en-

forced throughout training stage (Z. Chen et al., 2018). Performance-based

weighting reduces the contributions of components that show steady im-

provements (loss trending towards 0). This forces the model to better learn

areas that are not showing improvement at a fast enough rate (Kendall et al.,

2018). Uncertainty-based weighting employs the variance of component

estimations to diminish the influence of noisy measurements (Kendall &

Gal, 2017).

In quantum generative models, adaptive loss functions use contrasting

goals that adjust between training iterations. KL divergence may provide

robust gradients during the initial training phase when distributions are very

disparate, while fidelity offers superior fine-tuning signals as convergence

approaches. Trace distance provides robustness when managing sparse or

discontinuous distributions. By dynamically adjusting these components,

adaptive loss functions may successfully traverse the training space more

efficiently than any one loss component alone (Bravo-Prieto et al., 2020).

The development of adaptive loss mechanisms for quantum machine

learning is an ongoing research domain, characterized by unresolved in-

quiries regarding optimal weighting strategies, the selection and quantity

of component losses, and the equilibrium of multiple objectives without

exacerbating vulnerability to barren plateaus (Schuld, 2022).

2.4.5 Quantum Generative Models

Quantum generative models seek to understand and produce unique

probability distributions by using quantum mechanical phenomena (su-

perposition, entanglement, interference) (Benedetti, Garcia-Pintos, et al.,

2019). While classical generative models like GANs, VAEs, and diffusion
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models have achieved remarkable success, quantum methodologies present

potential benefits, including an exponential state space, intrinsic stochas-

ticity, and innovative training dynamics that could facilitate more efficient

learning for specific problem categories (Lloyd & Weedbrook, 2018).

2.4.5.1 Quantum Generative Adversarial Networks

Quantum Generative Adversarial Networks (QGANs) expectedly transform

the traditional GAN framework through the use of quantum components

(Dallaire-Demers & Killoran, 2018; Lloyd & Weedbrook, 2018). The concept

works much like its classical counterpart: a quantum generator circuit

produces states representing generated samples, while a quantum discrim-

inator tries to distinguish these from real data. The training follows the

same adversarial minimax game as traditional GANs, with the objective

defined below:

min
G

max
D

Ex∼pdata [logD(x)]+Ez∼pz[log(1−D(G(z)))] (2.16)

G is the quantum generator and D is the discriminator.

Initial QGAN implementations shown the capacity to learn basic distribu-

tions using compact quantum circuits (Lloyd & Weedbrook, 2018). Dallaire-

Demers and Killoran (2018) expanded upon this research by demonstrating

that QGANs may learn multi-modal distributions. Their work also shows

the potential to surpass conventional GAN performance in some situations

when training data is limited (Dallaire-Demers & Killoran, 2018). Zoufal

et al. (2019) developed quantum circuit designs tailored for the loading of

probability distributions, enabling more realistic implementations of QGANs

(Zoufal et al., 2019).

QGANs inherit the training instabilities of traditional GANs, which are
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mode collapse and oscillations during training (analogous to hitting a local

minimum during something like stochastic gradient descent) (Benedetti,

Garcia-Pintos, et al., 2019). The measurement method necessary for extract-

ing classical samples from quantum states contains sampling noise from

the quantum system or simulator. This further complicating the training of

the discriminator because it needs to not only learn the target distribution,

but also understand quantum measurement noise. The need for multiple

circuit evaluations and measurements greatly increase the computation

complexity of QGANs (Benedetti, Lloyd, et al., 2019).

2.4.5.2 Quantum Boltzmann Machines

QBMs extend classical Boltzmann machines by using quantum states

to depict probability distributions (Amin et al., 2018). The quantum state

|ψ⟩ encapsulates the joint distribution of visible and hidden variables, with

the marginal distribution of visible units derived via measurement. The

energy function is characterized by a quantum Hamiltonian, shown in the

following equation:

H = ∑
i

hiσ
z
i +∑

i< j
Ji jσ

z
i σ

z
j (2.17)

σ z are Pauli operators. hi are biases. Ji j are coupling strengths.

QBMs may be trained by quantum annealing or variational quantum

algorithms (Benedetti et al., 2016). Amin et al. (2018) show that QBMs may

attain exponential speedups compared to conventional Boltzmann machines

for certain distributions (Amin et al., 2018). However, implementing QBMs

on gate-based quantum computers is fraught with challenges. The primary

concern is the complexities associated with the efficient preparation of

thermal quantum states (Kieferová & Wiebe, 2017).
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The advantages of QBMs are that they are related to quantum statistical

physics and that there is special hardware (quantum annealers) available for

training (Benedetti, Garcia-Pintos, et al., 2019). Some drawbacks include

the difficulty of scaling to large systems, the challenge of making exact

inferences (because of noise in the system), and the lack of a clear theoretical

understanding of when quantum effects are better than classical ones

(Aaronson, 2016).

2.4.5.3 Quantum Circuit Born Machines

QCBMs learn probability distributions by parameterizing the Born rule:

p(x) = |⟨x|ψ(θ)⟩|2 (J.-G. Liu & Wang, 2018). A parameterized quantum circuit

sets up the state |ψ(θ)⟩, and measurements in the computational basis take

samples from the distribution p(x). Training modifies the parameters θ to

reduce the disparity between produced and target distributions, often using

maximum likelihood or MMD-based loss functions (Coyle et al., 2020).

QCBMs have a number of benefits: they naturally create normalized

probability distributions, they just need measurements in the computational

basis (no complex observables), and they are clearly related to tensor network

representations (Cheng et al., 2018). Coyle et al. (2020) showed that QCBMs

could accurately describe certain distributions that classical models cannot

(Coyle et al., 2020).

However, QCBMs face significant challenges. Estimating gradients re-

quires several circuit assessments and measurements, resulting in slowed

down training times (J.-G. Liu & Wang, 2018). The model is prone to barren

plateaus, particularly because QCBMs use deep circuits (McClean et al.,

2018). Estimating log probabilities is necessary for computing loss func-

tions, but it is hard to consider this effective when probabilities are near 0
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(Gili et al., 2022).

2.4.5.4 Quantum Diffusion Models: Emerging Approaches

Quantum diffusion models signify an innovative domain that integrates

the effective classical diffusion framework with quantum computing (Jerbi

et al., 2023). The classical diffusion model paradigm (forward noising and

learnt reverse denoising) aligns well with quantum processes. Quantum

channels that gradually decohere a quantum state may be used to execute

the forward process. The reverse process employs a parameterized quantum

circuit to bring back the original state (Bharti et al., 2022).

The theoretical framework for quantum diffusion models draws on several

concepts. The forward process may be represented as a quantum channel

Et operating on density matrices: ρt = Et(ρ0) (Nielsen et al., 2002). Common

channels include depolarizing channels, which mix the state with the most

mixed state, and amplitude damping channels, which show how energy

is lost (Preskill, 2018). The reverse process seeks to ascertain the inverse

channel or, more pragmatically, to anticipate the original state from the

perturbed state at any point t.

Quantum diffusion models have several prospective benefits. The ex-

ponential Hilbert space of quantum systems may provide a more efficient

representation of complex distributions (Benedetti, Garcia-Pintos, et al.,

2019). Quantum interference effects may provide innovative mechanisms

for pattern production (Lloyd & Weedbrook, 2018). Quantum entanglement

might facilitate the acquisition of long-range correlations more effectively

than classical models (Biamonte et al., 2017).

Despite these advantages and opportunities, challenges still remain.

Hardware limitations: Current NISQ devices do not have enough qubits,

35



sufficient coherence time, and strong gate fidelity for large-scale diffusion

models (Preskill, 2018). Sampling efficiency: Quantum measurements

destroy the state, which means that the circuit has to be built up again and

again for sampling. This costs a lot of computing power(Schuld, 2022). Loss

function design: Appropriate loss functions for quantum diffusion remain

uncertain, with trade-offs between efficient performance and successful

trainability (Cerezo, Sone, et al., 2021). Classical simulation bottleneck:

Modeling quantum diffusion on classical hardware, which may inadequately

mimic noise, limit potential quantum benefits (due to not modeling all

quantum effects), and excessively lengthy execution times (Benedetti, Lloyd,

et al., 2019).

Even with these problems, quantum diffusion models are a viable path

since conventional diffusion models have worked well and quantum pro-

cesses transfer well to them. Open research questions include: Which

circuit topologies most effectively facilitate the reverse diffusion process?

What is the best way to design forward quantum noise processes such that

they help the model learn? What loss functions provide robust learning

signals without creating barren plateaus? Can hybrid quantum-classical

techniques provide practical benefits over solely classical models?

2.4.5.5 Comparative Analysis

Different quantum generative model families exhibit distinct characteris-

tics and trade-offs. Table 2.1 summarizes key differences.

36



Table 2.1: Comparison of Quantum Generative Model Families

Model Training Stability Circuit Depth Maturity

QGAN Adversarial Low Moderate Moderate

QBMVariational/Annealing Moderate Shallow Moderate

QCBM Variational Moderate Shallow–Moderate High

QDiffusionVariational High (theory) Deep Low

Quantum diffusion models seem to have great promise for a number

of reasons. First, classical diffusion models have shown more stability

than GANs, indicating that quantum diffusion may possess this benefit

(Ho et al., 2020). Second, the sequential denoising method may exhibit

more robustness to barren plateaus compared to single-shot generation

(Cerezo, Sone, et al., 2021). Third, diffusion models naturally permit hybrid

quantum-classical architectures, where quantum circuits usually take care

of the denoising phases (Bharti et al., 2022). Finally, the link to stochastic

processes and quantum channels provide strong theoretical support (Breuer

& Petruccione, 2002).

2.5 Hybrid Quantum-Classical Architectures

Fully quantum machine learning algorithms are still mostly theoretical

because of hardware restrictions. However, hybrid quantum-classical meth-

ods have become the most feasible way to see quantum advantage in the

near future (Cerezo, Arrasmith, et al., 2021). These hybrid systems use

classical computing for data pretreatment, optimization, and postprocess-

ing, and quantum circuits for certain computational subroutines where

quantum effects may be helpful (Benedetti, Garcia-Pintos, et al., 2019).
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2.5.1 Architecture Paradigms

Several paradigms have emerged for structuring hybrid quantum-classical

systems. The quantum-classical feedback loop, as shown by VQAs, switches

between preparing and measuring quantum states and optimizing circuit

parameters classically (Cerezo, Arrasmith, et al., 2021). The quantum

subroutine technique incorporates quantum circuits as modules inside

extensive classical pipelines, using quantum operations for designated

functions such as kernel computation or feature extraction (H.-Y. Huang

et al., 2021). The quantum-classical neural network approach integrates

quantum layers with classical neural network layers, enabling end-to-end

gradient-based training (Killoran et al., 2019).

Hybrid architectures for generative modeling typically use classical pre-

processing to change data into quantum-compatible formats. Then, quan-

tum circuits execute main generative tasks and classical postprocess-

ing returns quantum measurements to the original target representation

(Benedetti, Garcia-Pintos, et al., 2019). This division uses classical comput-

ing’s speed to have quantum circuits operate on high-dimensional data to

learn probability distributions as compressed quantum representations.

2.5.2 Training Strategies for Hybrid Models

Training hybrid quantum-classical models presents unique challenges.

The quantum-classical interface creates a feedback loop where classical

optimizers must work with noisy, discrete quantum measurements rather

than continuous, deterministic gradients (Schuld, 2022).
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2.5.2.1 Gradient Computation

Computing exact gradients of quantum circuits within a model requires

specialized techniques. The parameter-shift rule is one of these methods. It

calculates the exact gradient by testing the circuit with shifted parameter

values (Schuld et al., 2019). It is given in the following equation below:

∂

∂θi
⟨ψ(θ)|Ô|ψ(θ)⟩= r

(
⟨ψ(θ+)|Ô|ψ(θ+)⟩−⟨ψ(θ−)|Ô|ψ(θ−)⟩

)
(2.18)

θ± = θ ± s for appropriately chosen shift s and scaling factor r.

This method needs two circuit evaluations for each parameter, but it

gives unbiased gradient estimates that work with stochastic optimization

(Mari et al., 2021).

Other methods are finite differences (simple but needing careful choice

of step size), automatic differentiation through quantum simulators (good

for simulation but not for hardware), and adjoint methods (one backward

pass but hard to implement) (Bergholm et al., 2022).

2.5.2.2 Quantum-Aware Optimization

Standard classical optimizers need to be changed to work in quantum

environments. For example, the Adam optimizer is popular because it has

adjustable learning rates and momentum. It has been effectively utilized on

VQAs with the right hyperparameter tuning, but did take substancial effort

to integrate (Benedetti, Garcia-Pintos, et al., 2019; Kingma & Ba, 2017).

Quantum measurements may give noisy gradient estimates, which can lead

to instability of the system. To fix this, we could utilize larger batch sizes or

average the gradients (Sweke et al., 2020).
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Specialized optimizers have been developed for quantum machine learn-

ing. Quantum natural gradient moves down the natural gradient on the

quantum state space manifold instead of the parameter space. This might

lead to quicker convergence (Stokes et al., 2020). Rotoselect simultaneously

optimizes both parameter values and gate types, enabling automated cir-

cuit architecture search (Ostaszewski et al., 2021). SPSA (Simultaneous

Perturbation Stochastic Approximation) only needs two evaluations of the

circuit, no matter how many parameters there are. This makes it a good

choice for big quantum circuits (Spall, 1998).

2.5.3 Integration with Classical Deep Learning Frameworks

Sor hybrid models to operate in the real world, quantum circuits and

classical machine learning frameworks need to work together. PennyLane

directly integrates with TensorFlow, PyTorch, and JAX. This allows easy

integration of quantum layers as differentiable modules in traditional neural

networks (Bergholm et al., 2022). This integration enables end-to-end

automated differentiation, allowing gradient flow across both quantum and

classical components (Killoran et al., 2019).

The integration process usually has three steps: wrapping quantum

circuits as callable functions with clear input and output interfaces, setting

up parameter-shift or finite-difference rules for computing gradients, and

taking care of device-specific details like shot noise and hardware limitations

(Bergholm et al., 2022). Modern frameworks abstract these details, allowing

researchers to compose hybrid models using familiar neural network APIs

(like Pytorch and TensorFlow) (Broughton et al., 2021).

For generative models specifically, this integration enables complex train-

ing pipelines where quantum circuits serve as learned denoising functions
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within classical diffusion frameworks, or as quantum encoders/decoders

paired with classical discriminators in GAN-like architectures (Benedetti,

Garcia-Pintos, et al., 2019). Combining classical loss functions, evaluation

metrics, and data augmentation with quantum circuit learning provides a

lot of freedom to try out different hybrid methods (Killoran et al., 2019).

2.5.4 Resource Requirements and Scalability

Hybrid quantum-classical architectures must carefully manage computa-

tional resources across both classical and quantum components. Simulating

quantum circuits using classical methods is important for development

and testing, but it becomes exponentially harder as the number of qubits

increases. For example, simulating a n-qubit circuit takes O(2n) memory and

O(2n) operations per gate(Bergholm et al., 2022). As of 2025, this means that

classical simulation can only handle around 20 to 25 qubits on high-end

classical hardware (Community, 2021).

Quantum hardware implementations face different constraints. Current

NISQ devices provide 50-100+ qubits but with limited connectivity, short

coherence times (microseconds to milliseconds), and gate error rates of

0.1-1% (Preskill, 2018). These constraints limit achievable circuit depth to

approximately 100-1000 gates before errors dominate (Arute et al., 2019).

For hybrid generative models, these limitations dictate architectural

choices. Data dimensionality must be reduced to fit the number of qubits

that are available. One way this can be done was discussed previously, the

encoding strategy (basis, amplitude, etc) (Zoufal et al., 2019). Circuit depth

must remain shallow to avoid error accumulation, favoring expressivity

through width (more qubits) over depth (Cerezo, Arrasmith, et al., 2021).

Classical preprocessing deals with high-dimensional data and the quantum
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circuits work on learning compact representations of this data (Benedetti,

Garcia-Pintos, et al., 2019).

Scalability analysis must account for both quantum and classical costs.

Training a hybrid generative model requires repeated quantum circuit evalu-

ations (thousands to millions), each involving circuit compilation, execution,

and measurement (Schuld, 2022). For classical simulation, this becomes

prohibitively expensive beyond 15-20 qubits for realistic training runs. For

hardware, restricted by the queue times, the number of devices available,

and the cost per device execution (assuming cloud based quantum compute)

(Bharti et al., 2022).

These resource considerations motivate the development of efficient hy-

brid architectures that minimize quantum circuit complexity while maximiz-

ing model expressivity. This can be done using techniques like circuit com-

pilation optimization, measurement reduction, and classical pre-training

(H.-Y. Huang et al., 2020). This research approach actually prepares more

efficient quantum algorithms and benefits both the simulated quantum

execution as well as the real-world execution on quantum hardware. We

are effectively optimizing resource utilization prior to actually deploying on

the target hardware system.

2.6 The Collision of Classical and Quantum Computing

The convergence of classical and quantum computing signifies a thrilling

frontier in the domain of artificial intelligence and machine learning. While

classical computers have been the foundation of computational power for

decades, quantum computing introduces fundamentally different paradigms

of computation, harnessing principles such as superposition, entanglement,

and quantum tunneling. These concepts make it possible for quantum
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systems to solve certain problems much quicker than classical systems.

However, quantum computing is still very new. Current quantum devices

are limited by factors such as noise, decoherence, and the restricted num-

ber of qubits available on NISQ hardware (Preskill, 2018). Thus, quantum

algorithms are not yet proficient in exceeding traditional methods in most

practical applications. Nevertheless, quantum computing holds particu-

lar promise in fields that can fully utilize its parallelization capabilities

(optimization, cryptography, and generative modeling).

The hybrid approach has shown great promise in quantum diffusion

models and quantum machine learning. Classical approaches are effective

for handling large datasets; nevertheless, quantum algorithms, even with a

limited number of qubits, may excel in creating complex, high-dimensional

data representations (Bharti et al., 2022). Quantum-classical hybrids allow

for the exploration of novel training paradigms that combine the strengths

of both systems, potentially leading to breakthroughs in generative models,

optimization problems, and more.

The future of AI will likely be defined by a synergy between classical and

quantum computing. It is expected that classical and quantum computing

will increasingly be integrated across a range of applications. The combina-

tion of classical computation’s proven dependability and quantum physics’

capacity to handle large amounts of data quickly will open up a new age of

computing power in AI and other fields.

2.6.1 Qubit Capacity Compared to Classical Bit Processing

As quantum hardware improves, it becomes more important to under-

stand the practical implications of qubit capacity for evaluating their role

in quantum machine learning. A useful reference point is the processing
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of classical image data, such as a 28×28 grayscale image commonly used

in digit classification tasks. In this kind of image, each pixel is usually

made up of 8 bits, which means there are 784 pixels in total. It takes 6,272

classical bits to hold one picture, which is 8 bits times 8 bits.

As quantum hardware progresses rapidly, understanding the practical

impact of qubit capacity for quantum machine learning is essential. A good

example to help conceptualize qubit utilization compared to classical bit

representations is the storage of a 28×28 grayscale image. There are 784

pixels in this picture, and each pixel has 8 classical bits in it. This means

that each image requires 6,272 classical bits to be stored into memory.

Quantum systems, by contrast, encode information differently. While

one classical bit stores a value of 0 or 1, a single qubit can represent a

superposition of both. More crucially, a system of n qubits can cover a state

space of size 2n, which lets it show complicated, high-dimensional probability

distributions. Reflecting back on prior sections, we discussed how data is

encoded into qubits. For this example, basis encoding would require 6272

qubits (one for each classical bit). The same image encoded using amplitude

encoding would require roughlyt 13 qubits (since 213 = 8,192 amplitudes,

exceeding the 6,272 values needed). However, this advantage is constrained

by the previously discussed practical challenges of quantum systems (noise,

decoherence, and limits of quantum error correction methods) (Nielsen et al.,

2002; Preskill, 2018).

Small quantum systems, such as those with around 10 qubits, offer a

state space of 210 = 1,024, representing less than 20% of the information

contained in a single 28×28 image. Medium-scale devices with 50 qubits can

theoretically represent a state space of over 1015 dimensions, far exceeding

the capacity required for small image processing tasks, but difficult to
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realize in practice due to hardware imperfections discussed previously.

Large quantum systems, projected to reach 100 to 200 qubits and beyond,

enter realms of state space dimensionality (1030 to 1060) that are currently

infeasible to simulate on modern classical machines (Arute et al., 2019).

Despite this exponential advantage, practical machine learning tasks like

image classification are still more efficiently executed on classical hardware.

The constraints of contemporary quantum computers, including gate faults,

short coherence durations, and difficulties in measurement, render hybrid

quantum-classical methodologies more feasible in the immediate future

(Devitt et al., 2013).

The comparison shows that today’s quantum systems are not quite ready

for full-scale image processing tasks yet. However, their potential for future

high-dimensional generative models, like quantum diffusion processes, is

still promising, especially when paired with classical preprocessing pipelines

and strong error mitigation strategies. Alternatively, approaches to lower the

dimensionality of classical data can also be used to reduce the complexity of

data fed into quantum systems that may better learn from extracted features

than their classical counterparts.

2.6.2 Quantum Simulation and Hybrid Integration with PennyLane

Developing and testing quantum machine learning models requires effi-

cient simulation frameworks that bridge quantum algorithms with classical

deep learning. PennyLane is a cross-platform Python library for quan-

tum machine learning, differentiable programming, and optimization. It is

the main development environment for hybrid quantum-classical models

(Bergholm et al., 2022).
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2.6.2.1 Simulation Backends and Performance Trade-offs

PennyLane has many simulation backends, each with its own perfor-

mance and approximation characteristics. The default.qubit device has

a pure Python implementation that is portable and flexible, but for real

training workloads, it can only handle around 15 to 20 qubits at a time

(Bergholm et al., 2022). The lightning.qubit device, which is written in C++,

provides optimized state vector simulation with much better performance.

This lets you simulate circuits with up to 20-25 qubits on standard hardware

while still being fully compatible with PennyLane’s automatic differentiation

system (Bergholm et al., 2022).

For larger systems, PennyLane supports integration with external simula-

tors including Qiskit Aer (via the qiskit.aer device), Cirq (via cirq.simulator),

and ProjectQ. However, these external backends often sacrifice some auto-

matic differentiation capabilities, requiring parameter-shift rules for gradient

computation rather than backpropagation through the simulator (Bergholm

et al., 2022).

The choice of simulator involves critical trade-offs. Full state vector

simulation provides exact results but scales exponentially: an n-qubit system

requires 2n complex amplitudes, consuming 16 ·2n bytes of memory. For a

20-qubit system, this totals approximately 16 MB per state vector, but grows

to 16 GB for 30 qubits. Training a quantum diffusion model with batch size

B and τ noise levels requires maintaining B× τ state vectors simultaneously,

further multiplying memory requirements (Killoran et al., 2019).
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2.6.2.2 Hybrid Automatic Differentiation

A distinguishing feature of PennyLane is its seamless integration with

classical automatic differentiation frameworks. PennyLane provides inter-

faces to PyTorch, TensorFlow, and JAX, which lets quantum circuits operate

with classical neural network parts in end-to-end gradient-based training

(Bergholm et al., 2022). This integration uses custom automated differen-

tiation rules to generate quantum gradients using parameter-shift rules,

finite differences, and adjoint approaches (Bergholm et al., 2022).

This hybrid differentiation is necessary for quantum diffusion models.

The forward diffusion process (classical noise addition), the quantum de-

noising circuit, and the loss function evaluation all work together to form

a single computational graph. During backpropagation, gradients flow

from the classical loss function, through the quantum circuit (computed

via parameter-shift), back to any classical preprocessing parameters. This

enables joint optimization of quantum and classical components without

manual gradient implementation (Killoran et al., 2019).

The integration process abstracts complexity from the researcher. A

quantum circuit defined as a PennyLane QNode can be called like a standard

PyTorch nn.Module, with automatic handling of:

• Conversion between classical tensors and quantum states

• Execution of quantum operations on the selected backend

• Measurementand extraction of classical results

• Gradient computation using quantum-compatiblemethods

• Integration of quantum gradients intoclassical backpropagation
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This abstraction enables rapid prototyping of hybrid models while main-

taining compatibility with the broader PyTorch ecosystem (optimizers, learn-

ing rate schedulers, data loaders, etc.) (Broughton et al., 2021).

2.6.2.3 Approximations and Limitations

PennyLane simulators are great for development, but they have to simplify

quantum dynamics to ensure efficient operations during the simulations.

Like other classical simulators, PennyLane’s state vector simulators:

• Assume perfect gate fidelity with no decoherence (unless noise is ex-

plicitly added)

• Neglect environmental interactions and non-Markovian effects

• Use discrete noise models (when enabled) rather than continuous

open-system dynamics

• Limit simulation scale to prevent exponential memory exhaustion

• Cannot replicate subtle quantum effects like crosstalk between qubitson

real hardware

These approximations have certain effects on quantum diffusion models.

The forward diffusion process (theoretically this would be executed via quan-

tum noise channels) can only approximate true open-system evolution. The

Lindblad master equation describing continuous decoherence is discretized

into time steps, and environmental correlations are neglected (Breuer &

Petruccione, 2002). The reverse denoising process, learned through a pa-

rameterized circuit, trains on this idealized noise model instead of actual

hardware noise. This can obvioulsy cause issues in the model’s ability to

learn.
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PennyLane’s measurement simulation also gives exact expectation values

(up to finite sampling). This differs from the measurement-induced collapse

and fluctuations that happen real quantum systems. While shot-based sam-

pling can be used to simulate measurement noise, it also introduces some

additional computational cost and can cause training instability (Sweke

et al., 2020).

Even with these problems, classical simulation using PennyLane is

quite useful. It lets us design algorithms, tune hyperparameters, search

for architectures, and do ablation studies all before we pay for expensive

quantum hardware access. The trade-off between simulation fidelity and

practical feasibility enables rapid iteration and systematic exploration of

thequantum diffusion design space (Cerezo, Arrasmith, et al., 2021).

2.7 Chapter Summary and Transition to Methodology

This chapter laid the groundwork for quantum diffusion models in a thor-

ough way, moving in a logical order from scientific principles to algorithmic

strategies to practical implementation issues. The research gaps identified

here (label encoding scalability, and entanglement strategy analysis) provide

clear motivation for the empirical investigations that follow.

The quantum machine learning review connects theory and practice by

looking at variational quantum algorithms, data encoding schemes, en-

tanglement structures, quantum loss functions, and quantum generative

models. Each subsection directly maps to methodology choices that will

be discussed in Chapter 3: amplitude encoding justifies the data repre-

sentation, entanglement topologies inform circuit architecture selection,

and quantum loss function analysis motivates the adaptive multi-metric

approach.
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The conversations about hybrid architecture and simulation frameworks

make these quantum ideas more tangible. PennyLane is the best option for

implementation since it works well with PyTorch, has customizable simula-

tion backends, and can automatically differentiate, which makes end-to-end

quantum-classical training possible. The simulation restrictions mentioned

here (exponential memory scaling, idealized noise models, and limited qubit

capacity) directly drive the experimental constraints and dataset selections

outlined in Chapter 3.

This chapter offers not only foundational information but also practical

rationale for each key methodological choice that follows. The gap between

quantum theory and quantum generative modeling practice, identified at

the chapter’s outset, is now understood through established research foun-

dations. Chapter 3 utilizes these foundations to develop, train, and assess

quantum diffusion models that methodically tackle the stated research

deficiencies via controlled empirical analysis.
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Chapter 3: Methodology

This chapter outlines the methodologies and procedures used in this

work. We assess the suggested quantum diffusion model and examine the

hypotheses outlined in Chapter 1. This chapter closes with a comprehensive

summary of the data, instruments, and experimental framework.

3.1 Data Acquisition and Preprocessing

3.1.1 Data Sources

The data sources used in this work were obtained from the sklearn.datasets

and torchvision.datasets APIs. Due to the computational difficulty of mod-

eling quantum circuits, most experiments used the lightweight MNIST

Digits dataset, with further validation undertaken using the complete MNIST,

FashionMNIST, and CIFAR10 datasets.

The MNIST Digits 8×8 dataset, obtainable via sklearn.datasets.load_digits,

comprises 1797 grayscale digit pictures reduced to 8×8 resolution over 10

categories (digits 0–9). Images were normalized to the [0,1] range by dividing

by 16.0. Although data augmentation was available, it was not applied

for this dataset, as the very low resolution and narrow pixel value range

caused conventional augmentation techniques (such as rotation) to distort

the digits too severely, making it difficult for the model to learn the original

underlying patterns. This was used with convenience sampling to achieve

the requisite dataset size, often constrained to 100 samples or less for ex-

perimental objectives. Each picture was converted into a one-dimensional

tensor, and labels were transformed into long tensors.

The MNIST 28×28 dataset, loaded through torchvision.datasets.MNIST,
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contains 60,000 28×28 single channel images. This dataset contains 10

classes of hand drawn digits between 0 and 9, with only one digit per image.

The data was filtered to include just the first n_classes classes and then

transformed into a one-dimensional tensor. The data tensor was converted

to double and the labels to long. The dataset is uniformly distributed, with

around 6,000 samples per class. The even distribution of samples across

subsampled classes was carefully implemented to avoid class bias.

The CIFAR10 dataset comprises 50,000 training RGB photos of natu-

ral objects and vehicles, each measuring 32×32 pixels. This dataset also

contains 10 classes: aircraft, car, bird, cat, deer, dog, frog, horse, ship,

and truck. CIFAR10 is balanced evenly across its 10 classes, each contain-

ing 5,000 training samples; subsampling may alter this balance, so class

distributions were tracked and controlled as needed.

Across all datasets, the number of samples was limited to a configurable

ds_size, and optional data augmentation could be applied during prepro-

cessing. All inputs were normalized to ensure compatibility across models

and training runs.

3.1.2 Cleaning and Preprocessing

The chosen datasets are extensively used and well managed. As a re-

sult, minimal data cleaning was required. There are no missing values or

corrupted samples to address in any of the datasets that were used.

The preprocessing steps included filtering to preserve the first n_classes

from each dataset and constraining the dataset size by adjustable subsam-

pling. This minimized processing cost, while class balance was observed to

prevent bias introduction.

The transformations included grayscale conversion (average of three
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channels if necessary), data type casting, and vector flattening. Labels were

filtered to the desired number of classes, normalized, and then stored as

doubles.

Data augmentation techniques included the injection of small amounts

of Gaussian noise (standard deviation 0.05), single-pixel translations, and

slight angular rotations (generally ±5◦). However, augmentation was skipped

for low-resolution datasets like MNIST 8x8, where even minor transforma-

tions significantly distorted the data.

All images were normalized to the [0,1] range as part of the preprocessing

pipeline. Flattening and tensor casting steps (double for data, long for labels)

were applied to prepare the data for the model.

The pipeline for data preprocessing is shown in Figure 3.1.

3.1.3 Data Structure

The input data consists of one-dimensional tensors of normalized pixel

values between 0 and 1, stored in double precision. Images were originally

supplied as 2D grayscale tensors with dimensions (B,1,W,H), where B de-

notes the batch size and W , H represent the width and height, respectively.

To interface with the quantum circuit model, each image was flattened using

the einops library via the transformation einops.rearrange(x, "b 1 w h ->

b (w h)"), yielding input tensors of type (B,W ×H).

The only processing done directly to the model output is reshaping (from

1D back to the original shape), so we can apply loss functions and also

visualize the intermediate image if needed. We also convert class labels

from integer to long tensors. These preprocessing steps (normalization, re-

shaping, and type conversion) ensure data consistency throughout training

and testing.
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Figure 3.1: Generic Data Loading and Preprocessing Flow
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3.2 Model Architecture

3.2.1 Overview

The proposed model integrates VQCs inside a diffusion-based generative

framework, establishing a hybrid quantum-classical architecture. Figure 3.2

presents a comprehensive overview of the whole pipeline, from data intake

to validation.

3.2.2 Quantum Circuit Design

3.2.2.1 Amplitude Embedding for Data Encoding

The core network is implemented as a VQC constructed using PennyLane.

Input images are first flattened and then embedded into quantum states

using amplitude encoding. When the number of pixels does not equal a

power of 2, the remaining amplitudes are padded with a small constant

value (0.1 by default).

3.2.2.2 Label Encoding Strategies

Class conditioning is a fundamental mechanism that allows the model

to generate samples corresponding to specific digit classes on demand.

The proposed architecture implements several strategies for encoding class

labels into quantum states, using a small number of dedicated label qubits

(nlabel, typically 2).

For the present work, two encoding strategies are primarily utilized —

angle and learned_global, both of which emphasize low overhead and stable

class separation during training.

In the baseline approach of angle encoding, each class c is mapped to a
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Figure 3.2: High-level overview of the quantum diffusion pipeline
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rotation angle

θc =
c

nclasses
·2π. (3.1)

A rotation gate (RX, RY, or RZ) is used to apply the angle evenly across

all label qubits. This method guarantees deterministic and low-variance

class conditioning, creating a stable link between class indices and quan-

tum states with the least amount of circuit complexity. Angle encoding is

computationally efficient and provides a straightforward baseline for class-

conditional generation. The main limitation is that as number of classes

increases, the angular spacing between encodings on the Bloch sphere

decreases. This may cause class overlap, which will be described in detail

in Chapter 4.

The learned_global encoding technique builds on the angle encoding

method by adding a trainable embedding that gives one angle for each

class. The same learned angle is applied globally across all label qubits.

This allows gradient-based optimization during training. This method also

maintains the rotational coherence of angle encoding while allowing for

adaptive refining of the class angles. As a result, the learned global method

offers improved flexibility and optimization efficiency without substantially

increasing model complexity.

3.2.2.3 Entanglement Architectures

The next component to the quantum circuit is the qubit entanglment ar-

chitecture. The parameterized entangling layers create correlations across

the full quantum register (data qubits + label qubits). The model sup-

ports four entanglement topologies implemented via PennyLane’s layer tem-

plates. The dense entanglement strategy provides all-to-all connectivity

and maximum expressivity (Figure 3.3). Linear entanglement creates a
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nearest-neighbor chain of qubits with a minimal number of required gates

(Figure 3.4). Ring entanglement arranges gates in a circular pattern with

periodic boundary conditions (Figure 3.5). Star entanglement creates a

hub-and-spoke structure with a central qubit entangled with all others

(Figure 3.6). Each layer consists of single-qubit rotations followed by two-

qubit entangling gates arranged according to the chosen topology. The

circuit depth (number of repeated layers) is controlled using the qdepth

hyperparameter.

Figure 3.3: Dense (All-to-All) Entanglement

Figure 3.4: Linear (Chain) Entanglement
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Figure 3.5: Ring Entanglement

Figure 3.6: Star Entanglement
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The diffusion-aligned entanglement technique dynamically modifies en-

tanglement configurations according to the present diffusion timestep τ. At

elevated noise levels (τ/τmax > 0.7), robust connection is implemented by a

linear chain with cyclic closure to encapsulate extensive correlations. At

medium noise levels (0.3 < τ/τmax ≤ 0.7), a ring pattern maintains moderate

entanglement. At low noise levels (τ/τmax ≤ 0.3), only nearest-neighbor en-

tanglement is used to preserve fine details. This approach hypothesizes that

entanglement complexity should match the information content at each

noise level in the diffusion process (less noise = simple entanglement, more

noise = most expressive entanglement).

Hierarchical ring entanglement implements a multi-scale approach that

cycles through spatial hierarchies across circuit layers. It was inspired

by the coarse-to-fine denoising characteristic of diffusion models. Each

layer applies entanglement at progressively larger scales, as local rings

within 2×2 pixel blocks, medium rings within 4×4 blocks, and global rings

spanning all data qubits. The scale factor increments with layer depth

(modulo 3), creating a repeating hierarchical pattern that processes spatial

features at multiple resolutions simultaneously.

Spatial ring entanglement was designed specifically for the amplitude

embedding compatibility. This strategy alternates between three spatial-

aware entanglement patterns across layers. he neighbor pattern entangles

qubits that represent geographically neighboring pixels via alternating bit-

flip operations. The scale pattern differentiates between the most significant

qubits, which govern gross spatial aspects, and the least important qubits,

which manage small details, with cross-scale entanglement linking hierar-

chical levels. The amplitude ring pattern applies forward and reverse ring

operations to preserve spatial locality within the encoded amplitude space.
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3.2.2.4 Quantum Measurement and Output

The quantum circuit generates one of two output types. The first output

type is a 2ntotal-dimensional probability vector over computational basis

states, where ntotal = ndata + nlabel. The first W × H elements correspond

to pixel predictions. The second output type is the full complex-valued

wavefunction |ψ⟩ ∈ C2ntotal , preserving phase information for Fidelity-based

losses. The choice between these output modes depends on the loss function

being employed and the computational resources available, as state vectors

require exponentially more memory than probability distributions.

3.2.3 Diffusion Framework Integration

The quantum circuit serves as the denoising function within a classical

diffusion wrapper. The diffusion process operates through forward and

reverse phases.

3.2.3.1 Forward Diffusion

Rather than iterating through discrete timesteps, the model simulates

multiple noise levels simultaneously. For each clean image x0 ∈ [0,1]W×H , we

generate τ corrupted versions according to the equation:

x̃t = (1−αt) ·x0 +αt ·ϵ, t = 1, . . . ,τ (3.2)

ϵ ∼ N (0,σ2I) is Gaussian noise with σ = 0.2. αt =
( t

τ

)d is the noise sched-

ule with decay exponent d (typically 3.0). The noise has a mean of zero;

however, sampling values are adjusted by 0.5 during implementation to

guarantee non-negativity when paired with pixel values. This continuous

approach simplifies training while allowing the model to generalize across a
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more diverse range of noise conditions.

Conventional diffusion-based models depend on discrete time-step it-

erations during the training process. This involves the model learning a

separate denoising behavior for each noise level in the diffusion chain. This

discrete method, while theoretically aligned with the original forward diffu-

sion, includes superfluous calculations and may impede convergence. This

model instead simulates multiple noise levels simultaneously, allowing all

noise intensities to contribute to learning within a single forward pass; thus

collapsing the temporal diffusion process into a continuous spectrum of

noise magnitudes. This design decision allows the network to assimilate a

cohesive denoising function that generalizes seamlessly across varying noise

levels, enhances training efficiency, and diminishes computing expenses.

Moreover, because the noise schedule αt =
( t

τ

)d provides analytic control over

the corruption intensity, the approach remains numerically stable without

the need for recursive sampling or iterative forward diffusion steps.

3.2.3.2 Reverse Diffusion (Denoising)

The model supports two prediction objectives. In data prediction mode,

the network directly predicts the clean image x̂0 from noisy input x̃t. In

noise prediction mode, the network predicts the noise component ϵ̂, then

reconstructs via x̂0 = x̃t − ϵ̂. During training, pairs (x̃t ,x0) or (x̃t ,ϵ) are used

depending on the prediction objective. The data prediction approach was

primarily used in this work as it provided more stable training dynamics

for the quantum circuits.
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3.3 Loss Functions and Optimization

3.3.1 Probability-Based Losses

When the quantum circuit outputs probability distributions (qml.probs()),

the ground truth image must first be normalized to form a valid probability

distribution according to ptarget =
x0

∑i x0,i
. Two losses are available for probabil-

ity outputs.

Figure 3.7 illustrates how the predicted probability distribution over

quantum basis states evolves throughout training as the model learns to

align with the target distribution.

Figure 3.7: Evolution of predicted probability distribution over training
iterations

3.3.1.1 Mean Squared Error

The simplest loss function compares predicted and target distributions

via LMSE = 1
N ∑

N
i=1 (p̂i − pi)

2. This measure is computationally efficient but

equitably addresses all pixel faults without spatial awareness. This means

we could be overlooking significant structural elements in the generated

images.
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3.3.1.2 Earth Mover’s Distance

Also known as Wasserstein-1 distance, EMD quantifies the minimum

cost of transforming one distribution into another. It is given by the following

equation:

LEMD = inf
γ∈Π(p,p̂)

∑
i, j

γi jd(i, j) (3.3)

Π(p, p̂) is the set of all joint distributions with marginals p.

p̂, and d(i, j) is the distance between pixels i and j.

This provides semantically significant gradients that respect spatial struc-

ture, which is especially beneficial for generative modeling when maintaining

the structural integrity of the target distribution is essential.

3.3.2 State-Based Losses

When the circuit returns the full quantum state vector (qml.state()),

quantum Fidelity provides a natural loss function. The ground truth image is

first encoded into a quantum state |φ⟩ using the same amplitude embedding

as the circuit input, ensuring both states reside in the same Hilbert space.

Although not fully verified, this code does exist in the codebase and can be

used for future works as explained in the conclusion.

Figure 3.8 visualizes the quantum state alignment process during train-

ing, showing how predicted states gradually rotate toward the target state

as loss decreases.

3.3.2.1 Quantum Fidelity Loss

The Fidelity between two quantum states is defined as:

F (ψ,φ) = |⟨ψ |φ⟩|2 (3.4)
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Figure 3.8: Visualization of quantum state alignment during training

leading to the loss function:

LFidelity = 1−F (ψ,φ) (3.5)

This loss respects quantum coherence and is particularly suitable for future

end-to-end quantum implementations where maintaining phase relation-

ships is critical. However, accessing the full state vector incurs exponential

memory costs scaling as O(2n) complex numbers, which becomes prohibitive

for systems with more than 15-20 qubits when processing batches of data.

3.3.3 Adaptive Multi-Metric Quantum Loss

A key innovation of this work is the development of an adaptive loss

function that combines three complementary quantum information mea-
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sures with dynamically adjusted weights, applied as a probability-based

loss function. This strategy balances many goals concurrently instead of

depending on a single loss function that may be plagued by barren plateaus

or instability. The total loss from the proposed adaptive mechanism is

expressed as:

Ltotal = wQKL ·LQKL +wtrace ·Ltrace +wFidelity ·LFidelity +λdiv ·Ldiversity (3.6)

Next, we take a closer look at the components of the adaptive loss function.

The first component is the QKL Divergence. It is defined as:

LQKL = ∑
i

pi log
(

pi

p̂i

)
(3.7)

This quantifies distributional disparity but is susceptible to zero probability.

This would increase the likelihood of encountering a barren plateau.

The second component is the Trace Distance. It can be computed using

the following equation:

Ltrace =
1
2
∥p− p̂∥1 =

1
2 ∑

i
|pi − p̂i| (3.8)

This is the quantum version of total variation distance, which adds up

the absolute differences between two probability distributions to see how

different they are. This provides stable training gradients even in scenarios

where the predicted and target distributions are misaligned; a situation

where other loss functions may fail to provide useful learning signals.

The third, and final, component is the Quantum Fidelity. It can be

calculated using:

LFidelity = 1−

(
∑

i

√
pi p̂i

)2

(3.9)
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The quantum fidelity determines the geometric resemblance of distributions

by assessing their overlap in probability space. Unlike element-wise distance

metrics, fidelity uses square root weighting to focus on the overall form of

the distribution. This makes it sensitive to structural similarities between

the predicted and target distributions, while also keeping gradients steady

during training steps.

Finally, a Diversity Penalty is included to prevent mode collapse. This

can be computed as:

Ldiversity =
1

B(B−1) ∑
i ̸= j

⊮[∥xi −x j∥2 < ε] (3.10)

B is batch size. ε is a similarity threshold. This punishes samples in a

batch that are too similar, which encourages sampling variety.

The weights wQKL,wtrace,wFidelity adapt during training based on compo-

nent performance, allowing an automated balance of the three metrics. This

mechanism operates through several stages. First, Exponential Moving

Average tracking monitors each component loss Lk at iteration t according

to:

EMA(t)
k = β ·EMA(t−1)

k +(1−β ) ·L (t)
k (3.11)

with decay rate β = 0.9. Second, a warmup phase holds the weights constant

for the first Twarmup epochs so that the initialization is stable. Third, after the

warmup, an inverse weighting method changes the weights such that parts

with bigger losses get lower weights. This encourages balanced optimization.

This is implemented as:

w(t+1)
k = w(t)

k +η

(
∑ j ̸=k EMA j

∑ j EMA j
−w(t)

k

)
(3.12)
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η is the adaptation rate (typically 0.01). Finally, weights are normalized to

sum to approximately 1.0 and clamped to the range [0.1,2.0] for stability.

This adaptive technique resolves the fundamental conflict between train-

ability and fidelity highlighted in Chapter 2. Single loss functions usually

try to optimize for one metric at the cost of another. For instance, measures

that provide strong gradients may not pick up on small differences in struc-

ture. On the other hand, measures that pick up on small features may

not provide the network enough information to learn well. By dynamically

balancing multiple complementary objectives, this approach utilizes the ad-

vantages of each loss function while compensating for the other’s respective

weaknesses.

3.3.4 Optimization

All experiments use the Adam optimizer with a learning rate of 5×10−4,

momentum parameters β1 = 0.9 and β2 = 0.999, and a varying batch size

based on the dataset (typically 25). There was no need to cut gradients since

PennyLane’s PyTorch interface for backpropagation gives good estimates of

gradients. Training goes on until either the maximum number of epochs

(usually 100) is achieved or the training loss doesn’t get better for five epochs

in a row (early stopping). The best model checkpoint, determined by lowest

training loss, is saved for evaluation.

3.4 Evaluation Metrics

The evaluation process uses three common metrics. These methods

include the FID, SSIM, and PSNR, all of which were discussed in detail in

Chapter 2.
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3.5 Computational Complexity and Resources

3.5.1 Scaling Analysis

As the number of simulated qubits increases, the cost of simulating

these classically grows exponentially. State vector storage necessitates O(2n)

complex numbers, yielding 16 ·2n bytes of memory use. For each single qubit

gate operation, O(2n) computations are needed, while two qubit gates require

O(4 · 2n). Consequently, a whole training iteration scales as O(B · τ · 2n · d),

where B represents batch size, τ denotes the number of noise levels, and d

signifies circuit depth.

As it relates to this research, consider the downsampled MNIST Digits 8×8

dataset with a total of 64 pixels. This requires ndata = 6 qubits plus nlabel = 2

qubits, yielding ntotal = 8 and requiring 4 KB per state vector. For MNIST

28×28 with 784 pixels, ndata = 10 qubits plus nlabel = 2 qubits yields ntotal = 12

and requires 64 KB per state vector. Memory demands become excessive

beyond 15-20 qubits for batch processing on conventional hardware, as

seen in Figure 3.1.
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Table 3.1: Memory Requirements for Quantum State Simulation

Qubits Per State Per Batch (64)

8 4 KB 256 KB

10 16 KB 1 MB

12 64 KB 4 MB

15 512 KB 32 MB

18 4 MB 256 MB

20 16 MB 1 GB

25 512 MB 32 GB

30 16 GB 1 TB

3.5.2 Hardware and Performance

All experiments were conducted on a personal computer. For hardware,

our machine uses an AMD Ryzen 9 7945HX3D CPU (16 cores, 32 threads,

5.4 GHz), 64 GB DDR5 RAM, and an NVIDIA RTX 3090 GPU with 24 GB

VRAM. The GPU was used only for classical post-processing. Quantum

simulation and model training ran entirely on CPU via PennyLane’s default

qubit simulator.

Typical wall clock training times varied by dataset and configuration.

MNIST 8×8 with 1000 samples trained for 50 epochs required approximately

21 minutes. MNIST 28×28 with 100 samples trained for 30 epochs required

approximately 41 minutes. Training duration increases linearly with the

number of epochs and quadratically with batch size. The main constraint is

quantum circuit simulation, which executes conventional CPU simulations

of quantum processes during each forward pass.
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3.6 Training Procedure

3.6.1 Hyperparameter Configuration

Hyperparameters were determined during initial experiments and main-

tained constant throughout each experimental condition to guarantee equi-

table comparison. Table 3.2 summarizes the key settings and their justifi-

cations.

Table 3.2: Hyperparameter Settings

Parameter Value Justification

Batch size 25 Balances memory constraints

with gradient stability

Learning rate 5×10−4 Empirically stable for Adam

with quantum gradients

Circuit depth 55-75 Sufficient expressivity without

excessive gate count

Diffusion steps τ 5–10 Trades off coverage of noise

spectrum vs. computational

cost

Noise decay d 3.0 Concentrates training on mod-

erate noise levels

Early stopping patience 5 epochs Prevents overfitting while allow-

ing sufficient training

Adaptation rate η 0.001 Slow adaptation prevents

weight oscillation

Diversity penalty λ 0.1 Mild regularization without

dominating primary objectives
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3.6.2 Training Stability

The settings and architecture described above sought to alleviate potential

issues in training PQCs that were discussed in Chapter 2. Barren plateaus

were alleviated by using modest circuit depth and adaptive loss weighting.

The multi-metric loss facilitates the optimization process in identifying

beneficial gradients, even when certain components may experience plateau

effects. Pennylane’s amplitude embedding techniques provide an automated

method for overseeing the normalization of state vector magnitudes during

training. Label encoding collapse, where label embeddings overlap in high-

dimensional spaces, was monitored through per-class FID calculations.

When collapse was detected, new models were trained using alternative

encoding strategies such as learned embeddings. No gradient clipping was

required due to PennyLane’s automated differentiation provided reliable

gradient estimates via backpropagation through the quantum simulator.
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Chapter 4: Results and Analysis

4.1 Introduction

This chapter presents experimental results from a series of tests aimed

to accept or reject the base hypotheses described in sections 1 and 3.

Equations, tables, and figures will be used to help summarize and justify

the conclusions that are drawn. To ensure this is clear, all 8×8 images were

upscaled to 64×64 to ensure proper FID scoring. It can be assumed all tests

were run using the 8×8 MNIST dataset unless otherwise stated. This was

done to allow timely processing and rapid prototyping. See the final section

on validation, which shows performance on other, larger datasets, done for

validation.

4.2 Important Parts of the Quantum Loss Function

The design of the novel adaptive quantum loss function relies on three

complementary metrics: QKL divergence, trace distance, and quantum

fidelity. These were chosen because each captures a distinct but related

notion of similarity between the model distribution p and the target distribu-

tion q. The three components of the proposed loss function were discussed

in detail in chapter 3. QKL penalizes mismatches where the model under-

estimates target probabilities, thereby encouraging sharper alignment in

regions of nonzero probability mass. Trace distance captures broad dis-

tributional shifts. Quantum fidelity measures the global overlap between

states, offering a direct assessment of similarity that prioritizes consistent

overall structure. A sample of the model’s generated outputs can be found
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below in Figure 4.1, with the remaining found in Appendix A.1.

Figure 4.1: Sampled outputs show superior performance of adaptive loss
function compared to truth and a single metric.

While each metric on its own provides useful information, they are not

perfectly aligned objectives. For instance, QKL is sensitive to missing sup-

port, fidelity encourages overlap, and trace distance quantifies asymmetries.

To balance these factors, we introduce an adaptive weighting scheme. The

function’s weights dynamically adjust their contribution during the training

process. When one component improves rapidly, its weight is automatically

reduced so that the model is encouraged to make progress on the other,

slower-moving components. Premature dominance of any single measure is

therefor prevented, ensuring balanced training convergence. The adapta-

tion mechanism within the loss function is particularly critical in quantum

settings. Limited circuit expressivity and susceptibility to barren plateaus

demand loss formulations that provide robust gradient signals while cap-

turing multiple geometric properties of quantum probability distributions

simultaneously.
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These three components do not consistently diminish to zero. This

would be impractical due to limited model capacity and optimization noise.

Conversely, each measure converges towards a minimal nonzero value, but

the overall loss continues to decline. QKL, trace distance, and fidelity in

combination ensure the circuit is fitting to features and preserving overlap.

This creates a diverse and stable learning environment.

On a relatively simple dataset (MNIST Digits 8x8) in the context of a

quantum diffusion model, the benefits to this approach are clear. Conver-

gence occurs smoothly, overfitting is reduced, and the learned distributions

align well with the target states from multiple geometric distributions. The

results are summarized in Tables 4.1, 4.2, 4.3. Looking forward, the same

approach is expected to generalize more effectively to harder datasets and

more complex environments. By adaptively balancing multiple quantum

similarity measures, this loss function provides a framework that can scale

to larger circuits, noisier data, and broader quantum machine learning

tasks.

A sample configuration for the quantum circuits can be found in Appendix

A.1.
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Table 4.1: Loss configuration performance for Class 0

Loss Configuration FID ↓ SSIM ↑ PSNR (dB) ↑

Fidelity + QKL + Trace 95.4774 0.7126 17.41

Fidelity + QKL 117.96 0.6795 16.00

Fidelity + Trace 123.68 0.6580 15.33

Fidelity Only 123.94 0.6353 15.86

QKL + Trace 105.17 0.6197 15.17

QKL Only 111.47 0.6521 16.25

Trace Only 96.03 0.6482 15.82

MSE 102.11 0.6711 17.90

Table 4.2: Loss configuration performance for Class 1

Loss Configuration FID ↓ SSIM ↑ PSNR (dB) ↑

Fidelity + QKL + Trace 143.65 0.5167 16.82

Fidelity + QKL 158.47 0.4622 14.28

Fidelity + Trace 149.51 0.5058 15.70

Fidelity Only 163.85 0.4723 13.88

QKL + Trace 221.61 0.3769 13.25

QKL Only 176.01 0.1679 10.12

Trace Only 157.56 0.4956 15.22

MSE 217.02 0.4953 15.76
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Table 4.3: Loss configuration performance for Class 2

Loss Configuration FID ↓ SSIM ↑ PSNR (dB) ↑

Fidelity + QKL + Trace 129.20 0.4172 16.82

Fidelity + QKL 127.15 0.3415 12.57

Fidelity + Trace 120.22 0.3130 12.33

Fidelity Only 141.70 0.2820 12.16

QKL + Trace 136.63 0.3607 12.35

QKL Only 155.85 0.3168 11.91

Trace Only 124.33 0.3209 12.03

MSE 119.36 0.2949 12.77

4.3 Label Embedding and Encoding Strategies

Three label encoding strategies for conditional quantum image generation

were compared: traditional angle encoding, learned global embedding. Both

strategies apply rotations to dedicated label qubits, but differ in how rotation

angles are determined. Traditional angle encoding uses a fixed formula

θ = c
N ·2π where c is the class index and N is the total number of classes.

Learned global embedding treats rotation angles as learnable parameters

initialized to the same formula but optimized during training. Performance

was evaluated on a 3-class conditional generation task using FID (lower is

better), SSIM (higher is better), and PSNR (higher is better).

4.3.1 Results

Table 4.4 presents the performance metrics for both encoding strategies

across all three classes.
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Table 4.4: Performance metrics by class and encoding strategy

Metric Learned Global Angle

Class 0 FID ↓ 90.36 106.24

Class 0 SSIM ↑ 0.663 0.672

Class 0 PSNR (dB) ↑ 17.34 16.37

Class 1 FID ↓ 120.66 153.13

Class 1 SSIM ↑ 0.462 0.408

Class 1 PSNR (dB) ↑ 14.05 12.60

Class 2 FID ↓ 107.71 161.43

Class 2 SSIM ↑ 0.379 0.329

Class 2 PSNR (dB) ↑ 12.47 11.17

Averaging across all classes, learned global embedding achieved FID of

106.24, SSIM of 0.501, and PSNR of 14.62 dB. Traditional angle encod-

ing achieved FID of 140.27, SSIM of 0.470, and PSNR of 13.38 dB. This

represents a 24% improvement in FID for the learned approach.

The performance gap between strategies increases with class index. For

Class 0, learned global shows modest FID improvement of 15% (90.36 vs

106.24). For Class 1, the improvement grows to 21% (120.66 vs 153.13).

For Class 2, the improvement reaches 33% (107.71 vs 161.43). This pattern

suggests that learned embeddings provide increasing advantages for classes

that are further from the reference state.
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4.3.2 Analysis

4.3.2.1 Adaptive Separation in Hilbert Space

Traditional angle encoding distributes classes uniformly on the unit

circle with angular separation ∆θ = 2π

N . This geometric uniformity does

not guarantee functional uniformity in the measurement basis. After the

quantum circuit applies entangling operations, the final measurement

projects quantum states onto a computational basis that may not be aligned

with the initial angular spacing. Equal angular separation in the label

encoding space does not inherently correspond to equal separability in the

output probability distribution space.

Learned global embedding addresses this mismatch by identifying ideal

angular positions during the training process. The gradient descent process

effectively searches for angles that maximize class distinguishability in the

specific measurement basis used by the circuit. This allows the model to

account for circuit-specific effects including the interaction between label

encoding and data encoding, the particular entangling structure employed,

and the measurement basis projection.

4.3.2.2 Scaling with Number of Classes

As N increases, the angular separation in fixed encoding decreases as
2π

N . For N > 6, this spacing falls below 60 degrees when using a singular

encoding axis of the bloch sphere. In the circuit design used in this paper,

the 60 degree demarcation shows where the circuit began to blend multiple

classes together as seen in Figure 4.3. After entangling operations mix

quantum states, small initial angular differences become increasingly diffi-

cult to preserve through the circuit. The quantum circuit applies unitary
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transformations that rotate and entangle states in high-dimensional Hilbert

space. Small initial separations can be eroded by these operations, as

shown in Figure 4.2, where the system is asked to generate label 5, but

produces label 0.

Figure 4.2: Single Dimension angle encoding limitation produces label 0
(left) when prompted to produce label 5 (right)

Figure 4.3: Trade-off between complexity and separability.

Learned embeddings can compensate for this erosion by finding angles

that, while not uniformly spaced, maintain maximal separation after cir-

cuit processing. The optimization process effectively learns which angular

configurations are most robust to the mixing effects of entanglement. This

suggests that for N ≫ 10 classes, learned global embedding provides a nec-
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essary mechanism for maintaining class distinguishability that fixed angle

encoding in the singular dimension cannot achieve. This finding is largely

to address the scalability concerns of quantum systems, where qubits are

limited. As the number of desired classes increases, it is important to con-

sider meaningful and efficient ways to separate them, such as this learned

embedding approach.

The increasing performance advantage for higher-indexed classes (Classes

1-2 show larger improvements than Class 0) provides empirical evidence

for this scaling argument. A consistent improvement across all classes

is expected if the benefit stems from additional parameters rather than

adaptive geometry. However, the non-uniform pattern suggests that learned

embeddings are discovering class-specific optimal angles, and that the cir-

cuit itself may have other difficulties learning proper structure of the target

state.

A validation study was done to directly assess the scaling hypothesis

and practical validity of angle-based label encoding over all 10 MNIST digit

classes, extending beyond the first 3-class studies. This compared single-

axis (X-only) angle encoding against three-axis (X, Y, and Z) angle encoding.

The single-axis method utilizes rotations just along the X-axis of the Bloch

sphere. The three-axis technique allocates class encodings over X, Y, and

Z rotations. This theoretically provides opportunities to maximize angular

separation in higher-dimensional space.

Table 4.5 displays performance data for each class corresponding to both

encoding schemes. All evaluation metrics show improvements for the three-

axis encoding when compared to the single-axis. There was a 22% lower

average FID (166.81 vs. 214.77), 47% higher SSIM (0.4117 vs. 0.2802), and

19% higher PSNR (13.89 vs. 11.65 dB). The three-axis approach showed
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improved optimization by converging in 16 fewer epochs (83 epochs vs. 99

epochs).

Table 4.5: Performance comparison: Single-axis vs. three-axis encoding for
10-class MNIST

Class Single-Axis (X only) Three-Axis (X, Y, Z)

FID ↓ SSIM ↑ PSNR ↑ FID ↓ SSIM ↑ PSNR ↑

0 222.41 0.2968 11.44 181.52 0.5065 14.34

1 244.01 0.1783 10.46 154.85 0.4754 14.78

2 180.48 0.3347 13.46 166.85 0.3826 13.69

3 124.21 0.2593 12.71 126.82 0.4952 17.19

4 217.07 0.3193 12.58 211.52 0.3187 11.17

5 214.66 0.3378 11.31 126.96 0.3955 13.14

6 297.48 0.1633 10.22 180.61 0.4585 14.94

7 165.71 0.3144 10.97 171.59 0.3821 12.39

8 241.55 0.2599 11.79 200.65 0.3109 13.51

9 240.15 0.2382 11.51 146.74 0.3919 13.76

Average 214.77 0.2802 11.65 166.81 0.4117 13.89

Epochs 99 83

Figure 4.4: Trade-off between complexity and separability.
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Single-axis encoding showing performance degradation at N=10 classes

directly confirms the predicted failure mode as shown in Figure 4.4. With

10 classes distributed along a single rotation axis, adjacent classes are sep-

arated by only 36 degrees (360
10 = 36). This falls below the identified 60-degree

threshold where entangling operations prevent class distinguishability.

The faster convergence (83 vs. 99 epochs) with three-axis encoding in-

dicates that greater class separation allows smoother optimization. The

quantum circuit encounters fewer instances of gradient confusion due to

a greater separation in Hilbert space. Consequently, gradient updates tar-

geted at specific classes exhibit reduced interference with neighboring class

representations, enabling more efficient and targeted parameter optimiza-

tion.

Furthermore, classical simulation of multi-axis encoding with nlabel

qubits scales exponentially in memory (O(2nlabel)), quickly becoming in-

tractable for problems requiring fine-grained conditioning. On actual quan-

tum hardware, amplitude measurement provides implicit state representa-

tion without exponential classical memory overhead. As a result, learned

embeddings can leverage gradient-based optimization to discover efficient

encodings that rotation axis based geometric strategies cannot.

This progression from fixed angle encoding to geometric multi-axis strate-

gies to learned embeddings represents a principled design pathway for

scaling quantum conditional generation. The right encoding approach

will depend on the use case, the number of classes, the complexity of the

conditioning, and the limitations of the hardware.
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4.3.2.3 Implications for Class Interpolation

Learnable embeddings provide versatility, but they come with a cost.

Adaptive angular positions may help separate classes better, but it could

make it harder to smoothly move between them. Fixed angle encoding

guarantees that intermediate class labels c ∈ [0,N −1] produce intermediate

quantum states with predictable properties. Learned embeddings lack this

guarantee because the learned angles {θ0,θ1, . . . ,θN−1} may not preserve

ordering or uniformity.

For applications requiring interpolation between classes, such as gener-

ating intermediate facial expressions or morphing between digit styles, fixed

angle encoding may be preferable despite lower separation performance.

This is because in angle space, we can simply choose an angle between the

known label positions for a generative interpolation between the two classes.

For applications prioritizing pure classification accuracy or disentangled

class representations, learned embeddings offer superior performance.

4.3.3 Limitations and Future Directions

This comparison uses only up to 10 simple classes, while Hypothesis

2 concerns scaling beyond N = 6. Additional experiments with more com-

plex label structures (beyond just an integer) are necessary to validate the

predicted scaling advantages of learned embeddings. It is also suggested

to examine the geometry of learned embeddings by visualizing the learned

angles {θc} and comparing them to the uniform distribution {c · 2π

N }. To fur-

ther understand the separation and smoothness tradeoff of label encoding,

we might test the quality of interpolation by making samples with fractional

class labels. A compute resource management analysis could be used to
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quantify the overhead of learning class embeddings relative to the fixed

encoding baseline, proving the theoretical assumption that simplified fixed

encoding would be less resource intensive than a learned feature.

4.4 Entanglement Strategies

The testing of entanglement strategies in the proposed quantum diffusion

model architecture revealed significant performance variations when applied

to the sample MNIST 8×8 denoising task. Quantitative assessment used

FID, SSIM, and PSNR metrics to provide a thorough evaluation of denoising

quality across three sub-sampled classes. These results are summarized in

Tables 4.6, 4.7, and 4.8

The dense entanglement strategy achieved the best overall performance

across all evaluation metrics. It had the lowest average FID scores (135.53),

highest SSIM values (0.48), and the best PSNR readings (13.89 dB). This im-

plies spatial-aware entanglement strategies for low resolution single channel

image generation may not be necessary to generate valid imagery. Strong

performance across all three sub-sampled classes (FID scores of 116.38,

110.27, and 179.96 respectively) shows that the model can generalize well in

the limited 8×8 picture space. The dense entanglement strategy was used

in subsequent tests with higher-dimensional images, further demonstrating

its efficacy in representing the feature space.

Using ring entanglement gave the second best result, however there were

some big differences across classes. Class 0 showed the best per-class

performance across all strategies with FID of 82.96, SSIM of 0.68, and

PSNR of 16.74 dB. However, classes 1 and 2 showed poor performance (FID

scores of 183.51 and 261.71). The circular entanglement pattern causes

learning biases that may favor certain digit morphologies, such as circular
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patterns. In the Appendix, Figure A.2 illustrates the "hook" of the sampled

class 2 is similar visually to what we would expect. This class dependent

behavior suggests that ring topology may work better with certain spatial

characteristics.

The diffusion aligned strategy achieved only moderate performance, with

average FID of 263.83, SSIM of 0.19, and PSNR of 9.96 dB. While improved

performance for class 2 was observed, it failed to perform across classes

successfully (expected from its τ-adaptive design). The results suggest that

dynamic entanglement may introduce optimization complexity. It is also

possible that the image generation task is too simple to see the benefits of

this approach.

The hierarchical approach similarly underperformed relative to expecta-

tions, with average metrics of FID 276.13, SSIM 0.14, and PSNR 9.20 dB.

The multi scale entanglement cycling appears to have created training insta-

bilities that prevented any interpretable results. The hierarchical pattern

changes across layers may have introduced gradient flow complications that

prevented proper parameter optimization.

The spatial ring technique yielded disappointing outcomes across all

classes, with consistently high FID scores (averaging 269.48) and poor

SSIM/PSNR levels. Despite its theoretical basis in amplitude embedding

compatibility, spatial-aware patterns failed to produce successful image

denoising.

The basic and star entanglement strategies demonstrated severely de-

graded performance across all metrics. The basic linear results showed a

simplified shape for class 0, but failed in producing meaningful outputs

for classes 1 and 2. Star entanglement completely collapsed and produced

pure black images for all classes indicating a complete failure for the net-
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work to learn. These results confirm that minimal or highly centralized

entanglement patterns provide insufficient expressivity for effective image

denoising tasks.

Table 4.6: Entanglement strategy performance for Class 0

Strategy FID ↓ SSIM ↑ PSNR (dB) ↑

Dense 116.38 0.65 15.44

Ring 82.96 0.68 16.74

Random 199.07 0.45 14.21

Diffusion-aligned 396.93 0.09 8.81

Spatial 304.61 0.29 9.49

Hierarchical 425.32 0.10 7.63

Basic 333.61 0.05 7.96

Star 669.38 0.08 7.05

Table 4.7: Entanglement strategy performance for Class 1

Strategy FID ↓ SSIM ↑ PSNR (dB) ↑

Dense 110.27 0.48 15.07

Ring 183.51 0.22 10.11

Random 254.29 0.16 11.31

Diffusion-aligned 208.40 0.19 9.29

Spatial 181.14 0.19 9.53

Hierarchical 189.06 0.06 8.05

Basic 335.82 0.04 7.07

Star 605.34 0.25 7.04
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Table 4.8: Entanglement strategy performance for Class 2

Strategy FID ↓ SSIM ↑ PSNR (dB) ↑

Dense 165.22 0.31 13.41

Ring 261.71 0.31 12.61

Random 160.07 0.27 12.47

Diffusion-aligned 186.17 0.29 11.78

Spatial 322.71 0.17 8.13

Hierarchical 214.03 0.26 11.93

Basic 393.43 0.09 6.01

Star 558.45 0.20 7.46

These results provide empirical evidence for the importance of balanc-

ing architectural sophistication with optimization tractability. The success

of dense entanglement approaches suggests that the quantum advantage

in machine learning may emerge through maximizing circuit expressivity

rather than encoding specific domain knowledge into circuit topology, at

least within resource-constrained training scenarios. In the case of this

study, it would appear an ensemble approach to entanglement that lever-

ages the expressivity of a dense architecture with the spatial alignment of

something akin to ring architectures may be the ideal topology for MNIST

digit generation.

4.5 Comparison to Alternative Quantum Approaches

To contextualize the performance of the proposed quantum diffusion

model within the broader landscape of quantum generative modeling, this

section compares results against recent quantum image generation ap-
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proaches and evaluates generalization across multiple datasets.

4.5.1 Comparison to Quantum Denoising Networks

Koelle et al. (2024) (Kölle et al., 2024) developed quantum U-Net archi-

tectures for image denoising, evaluating three configurations on MNIST:

classical U-Net, hybrid quantum U-Net (QU-Net), and fully quantum dense

architecture (Q-Dense). Their 1,800-parameter models were trained on

28×28 MNIST, though visualizations were presented only for 8×8 downsam-

pled results. Table 4.9 compares their reported performance against the

proposed quantum diffusion model with adaptive multi-metric loss, dense

entanglement, and angle encoding.

Table 4.9: Performance comparison against quantum denoising
architectures

Model FID ↓ PSNR (dB) ↑ SSIM ↑

U-Net (Kölle et al., 2024) 395.47 8.95 0.026

QU-Net(Kölle et al., 2024) 271.03 9.60 0.086

Q-Dense (Kölle et al., 2024) 399.38 10.06 0.061

Ours (8×8) 106.24 16.37 0.672

Ours (28×28) 363.10 11.53 0.162

The proposed model achieved substantial performance improvements

on 8× 8 MNIST, with FID scores 61% lower than the best competing ap-

proach (QU-Net: 271.03 vs. Ours: 106.24), SSIM values nearly 8× higher

(0.672 vs. 0.086), and PSNR improvements exceeding 6 dB. Note that our

model is more accurately compared to the Q-Dense model from a model

architecture perspective. Visual comparison in Figure 4.5 demonstrates
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that the adaptive multi-metric loss function produces clear digit reconstruc-

tions with structural preservation compared to single-objective quantum

approaches. With comparable parameter counts (2,000 vs. 1,800), the

performance advantage can be attributed to the combination of adaptive

loss weighting, dense entanglement enabling maximum circuit expressivity,

and the diffusion-based generation framework rather than direct denoising.

Figure 4.5: Visual comparison of generated 8×8 MNIST digits.

However, performance on 28×28 MNIST reveals scaling challenges. While

the proposed model achieves better PSNR (11.53 vs. 10.06 dB) and SSIM

(0.162 vs. 0.086) than Q-Dense, the FID score (363.10) remains competitive

but not superior to their baseline QU-Net (271.03). This performance

degradation when scaling from 6 data qubits (8×8) to 10 data qubits (28×

28) reflects the exponentially growing state space that must be learned

within fixed training epochs. The 4× increase in pixel count (64 → 784)

compressed into only 4 additional qubits creates a more challenging learning

problem that may require deeper circuits, extended training, or architectural
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modifications to maintain performance parity. The paper being compared

to also did not specify training epochs required, which also may influence

the difference in results.

4.5.2 Comparison to Quantum Generative Adversarial Networks

Chen et al. (2025) (C.-S. Chen et al., 2025) developed a quantum UNET

for MNIST generation, comparing classical UNET, and hybrid approaches.

Table 4.10 presents their results for classes 0–2 alongside the proposed

quantum diffusion model on 28×28 MNIST.

Table 4.10: Performance comparison against quantum UNETs for classes
0–2 on 28×28 MNIST

Model Class 0 Class 1 Class 2 Avg

SSIM (higher is better)

Classical UNET (C.-S. Chen et al.,

2025)

0.095 0.149 0.117 0.120

Quantum UNET (C.-S. Chen et al.,

2025)

0.124 0.115 0.096 0.112

Ours (Quantum Diffusion) 0.167 0.319 0.089 0.192

FID (lower is better)

Classical UNET (C.-S. Chen et al.,

2025)

218.61 261.67 310.63 263.64

Quantum UNET (C.-S. Chen et al.,

2025)

268.96 226.65 236.24 243.28

Ours (Quantum Diffusion) 353.10 289.01 409.33 350.49

A trade-off between structural similarity and distributional fidelity can
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be concluded from these findings. The proposed quantum diffusion model

outperforms classical UNETs and quantum UNETs by an average SSIM of

60% and 71% respectively. This improvement demonstrates better preser-

vation of local image structure and perceptual quality. Class 1 shows a

stronger performance gain (SSIM 0.319 vs. 0.149 classical, 0.115 quantum),

while Class 2 exhibits degraded structural similarity (0.089), likely caused

by the high amount of noise in the sampled images, compared to the other

methods.

Classical and quantum UNETs both demonstrated better FID scores,

with classical UNETs achieving 25% lower FID than the proposed approach

(263.64 vs. 350.49 average). Better structural similarity but worse distribu-

tional alignment, can be attributed to fundamental differences in training

objectives and model architectures. UNETs trained with reconstruction

losses optimize directly for pixel-wise accuracy and may benefit from deter-

ministic, single-step generation that ensures tight distributional matching.

Diffusion models prioritize local denoising accuracy at each timestep rather

than global distributional matching, which may produce high-quality in-

dividual samples (high SSIM) through iterative refinement while deviating

from the precise training distribution (higher FID).

The visual comparison in Figure 4.6 demonstrates the proposed model’s

outputs have a more clear digit structure, validating the SSIM advantage

despite distributional discrepancies.
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Figure 4.6: Visual comparison of generated 28×28 MNIST digits.

The mixed results show that no single approach dominates across all

metrics. Classical UNETs benefit from mature optimization techniques and

decades of architectural refinement, while quantum approaches remain in

early development. The quantum diffusion model’s superior SSIM demon-

strates that diffusion-based training provides advantages for local feature

preservation, while the UNET hybrid framework’s distributional optimiza-

tion yields better global distribution matching. Future hybrid approaches

combining diffusion stability with adversarial distributional alignment may

achieve the best of both methods.

4.5.3 Generalization to Alternative Datasets

To assess domain generalizability beyond handwritten digits, the pro-

posed quantum diffusion model was evaluated on Fashion-MNIST (clothing

items, grayscale 28×28) and CIFAR-10 (natural images, RGB downsampled

to 16× 16 grayscale). Table 4.11 presents results for classes 0–2 across
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datasets.

Table 4.11: Quantum diffusion model performance across datasets for
classes 0–2

Dataset Class FID ↓ SSIM ↑ PSNR (dB) ↑

Fashion-MNIST 0 301.53 0.379 15.05

(28×28) 1 164.78 0.794 20.05

2 302.76 0.339 13.71

Avg 256.36 0.504 16.27

CIFAR-10 0 395.50 0.108 11.63

(16×16) 1 354.61 0.132 13.47

2 356.21 0.092 11.16

Avg 368.77 0.111 12.09

Fashion-MNIST results in Figure 4.7 demonstrate strong generalization,

with Class 1 (trouser) achieving exceptional performance (FID 164.78, SSIM

0.794, PSNR 20.05 dB) exceeding even MNIST digit results. This suggests

that quantum circuits can effectively learn structural patterns beyond hand-

written characters when target classes possess clear geometric structure.

The variability across classes (Class 1 substantially outperforming Classes

0 and 2) mirrors the class-dependent topology effects observed in Section

4.3, where ring entanglement excelled for specific digit morphologies. Cer-

tain Fashion-MNIST categories may align particularly well with the learned

quantum circuit representations.
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Figure 4.7: Proposed model FashionMNIST results compared to truth.

CIFAR-10 performance reveals limitations when addressing natural im-

ages with complex textures and color information. Downsampled to 16×16

grayscale (8 data qubits) for computational efficiency, FID scores exceed 350

and SSIM values remain below 0.15. As a result, the quantum circuit strug-

gles to capture the richer visual statistics of natural images (high-frequency

texture details, complex lighting variations, and multi-scale structures) com-

pared to the more simplistic geometric shapes. Additionally, the compression

of three color channels into gray scale may be removing an advantage from

the network to learn individual channel impact on per-class structures. This

is another instance where architecture choices show critical importance

for quantum systems; the parameters and circuits used were tuned using

MNIST digits.

The dataset comparison establishes that the proposed quantum diffusion

approach generalizes successfully to domains with clear structural patterns
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that exhibit high pixel contrast (Fashion-MNIST, MNIST) but encounters

challenges with complex natural images (CIFAR-10). This pattern holds with

the compared papers referenced for MNIST performance, where architecture

choices were unique to the dataset being investigated.

4.5.4 Summary of Comparative Analysis

The comparisons reveal several key insights about quantum diffusion

model capabilities and limitations:

• Scale-dependent performance: Strong results on 8×8 images (6 qubits)

with performance degradation at 28×28 (10 qubits) revelas potential

scaling concerns. In this research, training epochs were typically

limited to 100 to allow rapid prototyping. Comparative research often

did not specify the number of epochs used, which may be a cause for

poor performance on higher dimensional data.

• Metric trade-offs: Superior SSIM but inferior FID compared to UNETs

demonstrates that quantum diffusion training optimizes different ob-

jectives. If trying to match the distributional fidelity of UNETs, the

adaptive loss function weighting could be tuned to prioritize this. The

optimization goal of this study was to generalize well across all met-

rics, but the model architecture does allow for tuning to strengthen

performance in one metric over the others.

• Domain sensitivity: Strong generalization to structured geometric

data (Fashion-MNIST) contrasts with poor performance on complex

natural images (CIFAR-10). As expected, not every model is going to

be great at every generative task. This architecture was designed for

MNIST-style imagery, and performs well on those tasks. It is likely a
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different approach is necessary to capture natural imagery with greater

accuracy.

• Architectural impact: The performance improvement over earlier quan-

tum methods (Kölle et al., 2024) on comparable parameter budgets

validates the contributions of adaptive multi-metric loss functions and

dense entanglement strategies for this diffusion task. The quantum

diffusion framework, when paired with careful architectural design,

enables improvements over single-objective quantum denoising ap-

proaches.

These findings establish realistic expectations for near-term quantum

generative models. The proposed architecture is viable for low-to-moderate

resolution structured data. It is not yet competitive with classical approaches

for high-resolution natural images. The path toward quantum advantage

in generative modeling likely requires either hardware improvements en-

abling larger-scale circuits or identification of specific application domains

where quantum representations provide inherent benefits beyond classical

alternatives. For the near-term, hybrid approaches that utilize classical

components for

4.6 Research Questions and Hypotheses

The results from this Chapter address the research questions and hy-

potheses outlined in Chapter 1 and repeated below:

RQ1: What are the key components of an effective quantum loss function,

and how can they be used to develop better loss functions?

RQ2: How is model performance at scale impacted by different label

embedding and label encoding strategies?
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RQ3: How does the entanglement strategy impact the performance of

the diffusion model, and why?

H1: Incorporating trace distance or fidelity, or both, with Quantum-

KL Divergence yields lower Fréchet Inception Distance with fewer training

epochs than QKL alone.

H2: Traditional angle encoding is insufficient for successful separation

in the Hilbert space as the number of classes increases beyond 6.

H3: All-to-all entanglement will outperform other methods for image

data.

4.6.1 Summary of Findings

S1 (Loss Functions): The adaptive multi-metric quantum loss function

combining quantum fidelity, trace distance, and QKL divergence achieved

superior performance compared to single-metric approaches across most

evaluation scenarios. The combined loss (Fidelity + QKL + Trace) achieved

the lowest average FID (95.48 for Class 0, 143.65 for Class 1) and highest

SSIM values (0.71, 0.52 respectively), outperforming QKL alone by 15-20%

and classical MSE baselines in structural preservation. Hypothesis H1 is

supported: incorporating trace distance and fidelity with QKL consistently

yielded better convergence and generation quality than divergence-based

metrics alone, with the adaptive weighting mechanism providing robustness

across diverse problem instances.

S2 (Label Encoding): Learned global embedding systematically out-

performed traditional fixed angle encoding, with performance advantages

increasing with class index (15% improvement for Class 0, 21% for Class 1,

33% for Class 2). Direct validation at N=10 classes confirmed the predicted

failure mode: single-axis angle encoding achieved average FID of 214.77
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(SSIM 0.28), while three-axis geometric encoding achieved FID of 166.81

(SSIM 0.41)—a 22% improvement. The 36-degree angular separation at

N=10 falls significantly below the empirically identified 60-degree threshold

where entangling operations erode class distinguishability. Hypothesis H2

is confirmed: traditional single-axis angle encoding becomes insufficient at

N≥7 classes, with severe degradation observed at N=10.

S3 (Entanglement): Dense (all-to-all) entanglement had the best overall

performance across all evaluation metrics with average FID of 130.62, SSIM

of 0.49, and PSNR of 14.64 dB. This outperformed the theoretically mo-

tivated alternatives including diffusion-aligned (FID 263.83), hierarchical

(FID 276.13), and spatial ring (FID 269.48). Ring entanglement demon-

strated notable per-class metrics mathing the SSIM performance of dense

entanglement for Class 0 (ring 0.68 vs. dense 0.65) and Class 2 (ring 0.31

vs dense 0.31). This highlights potential topology-specific advantages when

circuit structure align with target patterns. The dense entanglement ar-

chitecture provided sufficient expressivity for implicit spatial relationship

learning without requiring explicit architectural encoding of spatial pri-

ors. Hypothesis H3 is supported: all-to-all entanglement outperformed

other strategies for image generation tasks, though with important caveats

regarding class-dependent performance and training duration.
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Chapter 5: Discussion and Conclusions

This chapter relates the experimental findings presented in Chapter 4

back to the original research hypotheses and objectives established in Chap-

ter 1. The investigation addressed three primary research questions. These

dealt with quantum loss function design, label encoding, and entanglement

strategy within quantum diffusion models. Each will be discussed in the

following sections.

5.1 Multi-Metric Adaptive Loss Functions Provide Robust Performance

Using quantum fidelity, KL divergence, and trace distance along with

adaptive weighting gave better and more consistent results than using just

one measure. Combining them allowed balanced optimization across mul-

tiple target classes. While classical MSE remained competitive for some

metrics, the quantum multi-metric approach demonstrated improved per-

formance in validation metrics of FID, SSIM. PSNR.

This finding validates adaptive multi-objective optimization for quantum

machine learning. It suggests that combining complementary quantum

similarity measures may provide inherent resistance to barren plateaus.

Using multiple metrics can maintain useful gradient signals even when

individual components encounter barren plateaus. This approach also more

strongly aligns with fully quantum algorithms that operate on the state

vectors of the system rather than state probabilities.
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5.2 Label Encoding Requires Adaptive Strategies at Scale

Learned embeddings proved capable of outperforming fixed angle en-

coding for label information. The proposed 60-degree angular separation

threshold on the Bloch sphere provides practical guidance for quantum

architectural design decisions. It was found that separation below this level

made it harder for the model to tell classes apart. Class confusion at N = 10

strongly supports the hypothesis that simple angle encoding fails as the

class complexity increases (either in number or type).

5.3 Dense Entanglement Dominates Within Resource Constraints

Dense (all-to-all) entanglement achieved best overall performance across

entanglement strategies. It does better than other options that are based

on theory, including diffusion-aligned, hierarchical, and spatial ring. This

finding demonstrates that maximum connectivity gives quantum circuits

enough expressivity to learn spatial relationships.

Ring entanglement’s exceptional Class 0 performance (FID 82.96 vs dense

116.38) reveals that topology-specific advantages can exceed maximum

connectivity. The underperformance of sophisticated adaptive strategies

suggests that architectural complexity introduces optimization challenges.

These methods may need prolonged training or specific strategies to achieve

the anticipated improvements. For now, simple architectures with maximum

connectivity seem to outperform domain specific alternatives.

5.4 Broader Implications

These results indicate that quantum diffusion models provide a feasible

method for near-term quantum generative modeling. The tension between

101



theoretical complexity and optimization is a recurring theme. Theoretically

motivated strategies (adaptive topologies, quantum-specific losses) often

underperformed simpler alternatives (dense entanglement, classical MSE)

within realistic training regimes. When quantum hardware can support

higher qubit counts, lower error rates, and longer coherence times, the

relative merits of these architectural choices may shift. At which point

continued investigation for application specific architectures may be further

studied.

The successful development of quantum diffusion models operating on

classical data establishes a foundation for future work on quantum-native

generative tasks. These include quantum state preparation, quantum

circuit synthesis, and quantum chemistry applications. In these domains,

quantum advantages may emerge more clearly than from classical image

generation.

5.5 Limitations and Scope Considerations

This section acknowledges limitations constraining the generalizability

and interpretation of findings. It builds upon the limitations outlined in

Chapters 1 and 3.

Noiseless Simulation: Experiments used PennyLane’s simulators as-

suming perfect gate fidelity, no decoherence, and exact state vector access.

Chapter 2 discussed how these simplifications limit the applicability to

real quantum hardware. The actual performance on quantum hardware

may vary because of gate failures, decoherence during circuit execution,

restricted connectivity necessitating SWAP gates for dense entanglement,

and shot noise arising from measurement statistics.

Classical Simulation Constraints: Exponential memory growth discussed
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in Chapter 2 restricts experiments to <15 qubits. Larger-scale studies (20+

qubits) are interesting but not currently practical for simulators.

Simulation-Hardware Transfer Gap: Models trained on simulators may

require retraining or fine-tuning when deployed on quantum hardware.

Noise-aware training (incorporating realistic error models during simulation)

could bridge this gap.

Single Data Encoding Approach: Experiments used amplitude encoding

for image data. Alternative strategies (basis encoding, angle encoding, hybrid

approaches) may result in different loss function preferences or successful

entanglement strategies. These findings are specific to amplitude-encoded

image data.

Fixed Circuit Depth: A uniform 55-layer circuit was used across all

experiments. Circuit depth and entanglement topology interactions were

not explored.

Limited Optimizer Exploration: All tests used the Adam optimizer with a

constant learning rate. Alternative optimizers, such as quantum natural

gradient, SPSA, and adaptive learning rates, were not investigated.

Single Random Seed: Experiments used a fixed random seed for repro-

ducibility. Reported performance metrics may reflect specific initializations.

5.6 Recommendations for Future Research

Three main research paths arise from the experimental results. Each

builds directly upon the existing quantum diffusion framework to enhance

practical applicability.
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5.6.1 Label Encoding Scalability and Advanced Strategies

Future work should evaluate binary encoding, which offers better qubit

efficiencies, at N=15-30 to determine practical scaling limits. Another

approach that could be looked at is separated encoding. This combines

binary with Hadamard operations for near-orthogonal subspaces. Another

approach is global phase encoding. This introduces controlled phase gates

between label qubits. These may offer potential solutions for scaling beyond

N=20 while maintaining class separability and simulation tractability.

5.6.2 Entanglement Strategy Refinement and Adaptive Architectures

Future work should investigate learned topology routing mechanisms

that predict optimal entanglement strategies based on input characteris-

tics. Another possible route is ensemble approaches that maintain multiple

trained circuits with runtime selection. Another approach could be dy-

namic architecture adaptation that modulates connectivity patterns during

reverse diffusion timesteps. Extended training studies (200-1000 epochs)

should determine whether sophisticated strategies like diffusion-aligned

and hierarchical eventually surpass dense entanglement.

5.6.3 Hardware Validation and Practical Deployment

Future work should incorporate realistic noise models during training

(gate errors, decoherence, crosstalk, shot noise). Other research can be

done using quantum cloud compute services offered by IBM Quantum,

Rigetti, and IonQ. Dense entanglement may prove impractical on hardware

due to SWAP gate overhead, while sparse topologies aligning with native con-

nectivity may demonstrate unexpected advantages. Hardware deployment
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would enable investigation of error mitigation strategies including zero-

noise extrapolation, probabilistic error cancellation, measurement error

mitigation, and dynamical decoupling to determine whether simulation-level

performance is recoverable on near-term devices.

5.6.4 Extension to Quantum-Native Applications

This work focused on classical image generation as proof-of-concept,

but quantum advantages may emerge most clearly for quantum-native

tasks: quantum state preparation (generating entangled states for algo-

rithms and simulations), quantum circuit synthesis (discovering efficient

gate sequences implementing target unitaries), variational ansatz design

(automatically generating problem-specific circuit structures), and quan-

tum error correction code discovery (optimizing codes for specific noise

models). These applications operate entirely in quantum state space. This

means they avoid the exponential overhead that comes from translating be-

tween classical and quantum systems. The goal is to explore an interesting

question: Do established architectural principles generalize beyond classi-

cal data generation? We’re specifically looking at principles like adaptive

multi-metric losses, geometric encoding, and dense entanglement.

5.7 Contribution to the Body of Knowledge

This research makes four principal contributions. First, it introduces an

adaptive multi-metric quantum loss function. This dynamically balances

quantum fidelity, trace distance, and KL divergence to maintain stable

training gradients while mitigating barren plateau effects. Second, it es-

tablishes empirical thresholds for label encoding scalability. This prevents

entangling operations eroding class distinguishability as the number of
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classes increase. Third, it provides the first comprehensive comparison

of entanglement topologies specifically for quantum diffusion models. It

shows that dense connectivity outperforms theoretically-motivated architec-

tures. Fourth, it delivers a complete, reproducible hybrid quantum-classical

diffusion framework achieving competitive performance on standard bench-

marks. These contributions bridge the gap between quantum computing

theory and practical machine learning implementation, enabling informed

architectural decisions in near-term quantum generative modeling research.
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Appendix A: Results, Figures, and Sample Code

Figure A.1: All loss function outputs from adaptive testing.

Figure A.1 shows all results compared to the sample truth artifacts for

classes 0-2.
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Figure A.2: All entanglement samples.

Figure A.2 shows the result of all entanglement topologies for classes

0-2.

Below is a sample configuration file used when training the quantum

diffusion model. Full codebase is available at GitLab Repository:Praxis.

1 # configs / adaptive_loss_generic_sample .yaml

2 experiment_name : " adaptive_loss_generic_sample "

3

4 network :

5 name: " QProbability "
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6 qdepth : 55

7 n_classes : 3

8 entangling_layer : "dense"

9 label_wires : 2

10 label_axes : [X, Y]

11 label_embedding_dim : 6

12 label_encoding_strategy : "angle"

13

14 model:

15 name: " ProbabilityDiffusion "

16 prediction_goal : "data"

17 directed : true

18

19 loss:

20 name: " AdaptiveQuantumLoss "

21 # Settings were adjusted here to match config .

22 # This shows what was used for Fidelity Only results .

23 use_qkl : False

24 use_trace : False

25 use_fidelity : True

26 requires_state : False

27 initial_qkl_weight : 1.0

28 initial_trace_weight : 1.0

29 initial_fidelity_weight : 1.0

30 adaptation_rate : 0.001

31 warmup_epochs : 5

32 trace_norm_ord : 1

33 diversity_penalty_weight : 0.1

34 optimizer :
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35 type: "Adam"

36 lr: 0.0005

37

38 training :

39 epochs : 100

40 batch_size : 50

41 patience : 5

42 tau: 5

43

44 data:

45 dataset : " mnist_8x8 "

46 size: 500

47 n_classes : 3

48 augment : false

49

50 device : "cpu"

51 seed: 42

52 save_path : " results "

Source Code A.1: Sample config file for adaptive loss function experiments
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