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ABSTRACT

This thesis addresses the critical challenges of data scarcity and class imbalance in au-
tomated visual inspection within industrial manufacturing, focusing on the synthesis
of casting defects in metallic submersible pump impellers. To resolve this bottleneck,
we propose and evaluate a generative architecture based on Latent Diffusion Models
(LDMs)—specifically Stable Diffusion v1.5—adapted parameter-efficiently using Low-
Rank Adaptation (LoRA) and strict geometric conditioning via ControlNet (utilizing
Canny edge maps). This proposed pipeline is compared quantitatively and qualitatively
against a custom baseline model, an Auxiliary Classifier Conditional Variational Autoen-
coder Generative Adversarial Network (AC-CVAE-GAN) trained from scratch. Quanti-
tative results demonstrate the significant superiority of the diffusion-based model, which
achieves a Fréchet Inception Distance (FID) of 67.65 for the nominal class and 96.17 for
the defective class (outperforming the baseline’s scores of 209.36 and 180.72, respectively).
Perceptually, LPIPS metrics confirm enhanced structural variance and visual realism in
the diffusion-generated samples. Qualitatively, the proposed architecture successfully syn-
thesizes realistic high-frequency metallic textures and defect topologies (e.g., porosity),
though minor limitations such as concept bleeding and spatial texture dislocation are iden-
tified. In conclusion, the concurrent integration of LoRA and ControlNet within Latent
Diffusion Models establishes a robust and scalable framework for high-fidelity synthetic
data augmentation, effectively mitigating the unavailability of physical defects on highly
optimized production lines.
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RESUMEN

Este trabajo de tesis aborda el problema de la escasez de datos y el desequilibrio de clases
en la inspección visual automatizada de manufactura industrial, enfocándose en la síntesis
de defectos de fundición en impulsores metálicos de bombas sumergibles. Para resolver
esto, se propone y evalúa una arquitectura basada en Modelos de Difusión Latente (LDM),
específicamente Stable Diffusion v1.5 adaptada de manera eficiente mediante matrices de
Bajo Rango (LoRA) y condicionamiento geométrico estricto por medio de ControlNet
(usando mapas de bordes Canny). Esta propuesta se compara cuantitativa y cualitati-
vamente frente a un modelo base híbrido personalizado de Red Neuronal Convolucional
Condicional Variacional Autoencoder y Red de Confrontación Adversaria (AC-CVAE-
GAN) entrenado desde cero. Los resultados cuantitativos demuestran la superioridad del
modelo de difusión, alcanzando una distancia de Fréchet (FID) de 67.65 para la clase
nominal y 96.17 para la clase con defectos (en comparación con 209.36 y 180.72 del mod-
elo base). Perceptualmente, la métrica LPIPS confirma una mayor diversidad y realismo
estructural en las muestras generadas por la propuesta de difusión. Cualitativamente,
Stable Diffusion logra sintetizar detalles de alta frecuencia y texturas metalúrgicas real-
istas (como porosidad), aunque se documentan desafíos inherentes como el concepto de
sangrado (concept bleeding) y la dislocación espacial de fallas. En conclusión, la inte-
gración de LoRA y ControlNet en Stable Diffusion ofrece un marco de trabajo altamente
robusto y escalable para la generación de datos sintéticos realistas, mitigando de manera
efectiva la escasez de fallas físicas en líneas de producción optimizadas.
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1. INTRODUCTION
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The generation of synthetic imagery via deep generative models presents a robust so-
lution to the critical scarcity of defective sample datasets in industrial manufacturing.
Statistical evidence suggests that manual visual inspection in manufacturing processes
can suffer from missed defect rates between 20% and 30%, primarily due to high mental
workload and the subtle nature of the defects [1], [2]. Furthermore, industrial datasets are
typically highly imbalanced because manufacturing processes are optimized to minimize
errors (with typical defect rates often <10%), making the training of automated systems
statistically challenging due to the rarity of anomalous samples [1], [2], [3].

To address this, early automated solutions relied on Classical Computer Vision and
heuristic-based feature extraction. While these were superseded by Convolutional Neu-
ral Network (CNN) with the AlexNet architecture [4], the latter introduced a critical
dependency on large annotated datasets. Initial attempts to mitigate data scarcity uti-
lized traditional data augmentation—or data warping—techniques; however, these lack
the semantic diversity required to represent complex stochastic defects [5]. Consequently,
historical generative approaches have relied on Variational Autoencoders (VAEs) and
Generative Adversarial Networks (GANs). While VAEs struggle with image sharpness
[6], [7] and GANs frequently suffer from Mode Collapse [8], the Conditional Variational
Autoencoder Generative Adversarial Network (CVAE-GAN) hybrid architecture emerged
as a balanced solution [9].

This research aims to demonstrate, through a benchmark analysis, that a Stable Dif-
fusion (SD) [10] approach—leveraging Latent Diffusion Models (LDMs) [11] enhanced
with ControlNet [12] and Low-Rank Adaptation (LoRA) [13]—outperforms these earlier
paradigms in capturing high-frequency textures like surface roughness and porosity on
metal manufactured pieces.

To validate the proposed architectures, this research utilizes a specialized dataset compris-
ing thousands of high-resolution images derived from the casting manufacturing process
[14], a fundamental technique that involves the solidification of liquid material within a
mold. Despite its industrial prevalence, this process is susceptible to stochastic irregular-
ities, including blow holes, pinholes, burrs, and shrinkage defects.

The structure of this document is organized as follows:

• Chapter 1 establishes the research context, justification, problem statement, hy-
pothesis, and objectives.

• Chapter 2 reviews the State of the Art, comparing recent proposals in synthetic
defect generation.

• Chapter 3 (Theoretical Framework) provides an in-depth analysis of the underlying
methodology and tools.

• Chapter 4 focuses on dataset acquisition and the architecture required for model
training.
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• Chapter 5 presents the experimental execution, testing protocols, and results.

• Chapter 6 finally discusses conclusions regarding the scientific and societal impact
of this research and its potential transfer to real-world manufacturing environments.
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1.1 Background

Quality assurance is a critical component in modern manufacturing, incorporating the rig-
orous detection of surface irregularities such as cracks, pores, or burrs [15]. Historically,
early automated solutions relied on classical computer vision. These algorithms depended
on hand-crafted feature extraction using descriptors such as Scale-Invariant Feature Trans-
form (SIFT) or Histogram of Oriented Gradients (HOG), requiring engineers to manually
define defect parameters [16], [17]. Consequently, they lacked robustness against environ-
mental variations, such as changes in lighting, complex object geometries, or the stochastic
nature of metallic textures [15].

The arrival of Deep Learning (DL) via CNN overcame these limitations by automatically
learning hierarchical feature representations directly from raw pixel data. However, the
efficacy of CNN-based classifiers is strictly constrained by the availability of massive and
balanced datasets [1]. To address this data deficit, traditional Data Augmentation tech-
niques—often referred to as "Data Warping"—are commonly employed. While effective
for increasing dataset size, these methods (e.g., rotation, flipping, or scaling) produce
geometric transformations of existing images but fail to generate semantically new data
or capture the complex visual distribution of rare anomalies [5].

This challenge drove to the adoption of generative models, a field pioneered by VAEs and
GANs. VAEs were fundamentally important because they introduced a probabilistic ap-
proach to generate completely new data from a latent space [6], while GANs revolutionized
the field through an adversarial training framework—where a Generator creates synthetic
data and a Discriminator evaluates its authenticity—that produced exceptionally sharp
and realistic images [8].

As generative techniques evolved, standard VAEs established a strong foundation by suc-
cessfully modeling the elemental probabilistic distribution of the data. However, their
initial formulation was unconditional, inherently lacking categorical control over the gen-
eration process. Additionally, a well-documented characteristic of these early VAEs was
the tendency to produce blurred images, an effect stemming from their reliance on element-
wise measures—such as the squared reconstruction error—and the inherent injection of
noise [9].

Building upon this probabilistic framework, Conditional Variational Autoencoder (CVAE)
were introduced as a natural extension. By integrating explicit conditional inputs, such
as class labels, directly into the generative process, CVAE gained the ability to steer the
latent variables. This architectural evolution provided the desired categorical control,
allowing the models to handle complex one-to-many mappings—situations where a sin-
gle input condition can correspond to multiple valid defect shapes and locations—more
effectively [18], [19].

Despite their conditional capabilities, likelihood-based models like CVAE still exhibit poor
generalization when trained on highly imbalanced datasets, as their learned distributions
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inevitably skew toward the majority class [1], [5]. To overcome this statistical bias and
successfully synthesize unpredictable anomalies in complex industrial domains, recent
advancements have shifted toward specialized adversarial architectures, such as advanced
GANs, explicitly designed to operate under strictly limited data regimes [19].

Throughout the development of these adversarial architectures, a well-documented phe-
nomenon was the tendency of models to converge toward producing only a single type
of output, losing sample diversity—a state known as mode collapse [20]. To stabilize the
learning process and ensure synthesis diversity, researchers introduced feature matching
techniques, which train the generator to match the statistical features of real data at
intermediate network layers rather than relying on the discriminator’s final output only
[20].

Leveraging the foundation of these stabilization strategies, hybrid architectures like the
CVAE-GAN framework emerged as a natural progression, combining the probabilistic
encoding of VAEs with the adversarial learning of GANs [9]. By explicitly mapping
real images to a latent space and applying pairwise feature matching, these frameworks
establish reference points that effectively prevent mode collapse while preserving the fine
structural details of the generated samples [9].

Similarly, models like the Contrastive Generative Adversarial Network (Con-GAN) have
been specifically designed for surface defect generation, proving capable of synthesizing
high-quality and varied defect images even under extremely limited data conditions (e.g.,
as few as 10 samples) [19].

Although Con-GAN excels at generating diverse surface defects under extremely limited
data regimes through shared data augmentation [19], CVAE-GAN provides a superior
theoretical framework for highly structured industrial anomalies like metallic cracks or
casting defects. By mapping real images to a continuous latent space via an encoder,
CVAE-GAN enables the synthesis of semantically new samples through attribute inter-
polation, while its pairwise feature matching and pixel-level reconstruction loss explicitly
preserve the delicate physical topologies and structural details of the defects [9].

Despite the robust capabilities of hybrid adversarial architectures like the CVAE-GAN
[9], synthesizing highly complex defects with high-frequency texture details—such as fine
porosity and surface roughness—remains challenging. In these scenarios, GANs are noto-
riously difficult to train, often suffering from inherent adversarial bottlenecks and residual
mode collapse risks [19].

These generative architectures are quantitatively evaluated in terms of their ability to
capture true data distributions and avoid mode collapse by using specialized metrics:
the Fréchet Inception Distance (FID) which has become the standard to measure the
statistical realism and distributional fidelity of synthetic images compared to real data
[21], and the Learned Perceptual Image Patch Similarity (LPIPS) metric, that utilized
to assess perceptual variance and intra-class diversity, serving as a rigorous mathematical
indicator of mode collapse mitigation [22].
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To address these limitations, a major paradigm shift emerged with Denoising Diffusion
Probabilistic Model (DDPM). Unlike GANs, DDPMs are likelihood-based models inspired
by nonequilibrium thermodynamics, relying on a mathematically stable process consisting
of two Markov chains: a fixed forward diffusion process that gradually adds Gaussian
noise to an image until the signal is destroyed, and a parameterized reverse process that
learns to iteratively denoise it to recover a high-fidelity data sample [11].

The neural backbone of this reverse process is typically a U-Net architecture [11]. Struc-
turally, the U-Net builds upon a fully convolutional network foundation—featuring a con-
tracting path to capture context and a symmetric expanding path—and incorporates skip
connections to combine high-resolution features, thereby preserving fine-grained spatial
details and enabling precise localization during synthesis [23].

While highly effective, standard DDPMs operate directly in the high-dimensional pixel
space, making both training and inference computationally prohibitive [10]. This limi-
tation was overcome by LDMs, the foundational architecture behind large-scale imple-
mentations like SD [10], [12]. LDMs explicitly separate the compressive and generative
learning phases by utilizing a pre-trained autoencoder: an encoder compresses the raw
image into a lower-dimensional, perceptually equivalent latent space where the diffusion
process occurs efficiently, and a decoder reconstructs the final image back to pixel space
[10].

To guide this generative process semantically, these models integrate Contrastive Language-
Image Pre-training (CLIP)[12], [24]. By jointly training an image and a text encoder to
maximize cosine similarity, CLIP aligns text and visual representations in a shared mul-
timodal embedding space [24]. This allows textual prompts to be encoded into latent
vectors that directly steer the U-Net’s denoising steps via cross-attention layers [10], [12],
[25], enabling the targeted synthesis of specific defect categories.

However, applying foundational SD to complex surfaces—such as those found in cast-
ing manufacturing—requires more than just semantic text guidance; it demands precise
structural control over the image composition. To achieve this, the ControlNet architec-
ture was introduced to provide explicit spatial conditioning to large pretrained diffusion
models [12]. ControlNet preserves the generative capabilities of the original model by
locking its parameters while creating a trainable copy of its encoding layers. These com-
ponents are connected via "zero convolutions"—1x1 convolution layers initialized with
zeros—ensuring that no harmful noise disrupts the robust pretrained backbone during
finetuning [12].

By utilizing extracted foundational features—such as structural boundaries obtained via
Canny Edge Detection [12], [26]—as localized input conditions, this architecture ensures
that synthetic defects are generated with accurate physical topologies and spatial geome-
tries that precisely match the original metallic pieces.

Finally, to adapt this massive, general-purpose model to the highly specific texturing of
casting manufacturing, LoRA is employed [13]. Instead of updating all model parameters,
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LoRA freezes the pre-trained weights and injects trainable rank decomposition matrices
directly into the Transformer’s cross-attention layers [13]. This enables highly efficient
fine-tuning, allowing the model to effectively capture the domain-specific details of metal-
lic anomalies without the need for massive computational infrastructure [13].

This synergistic combination—latent denoising via DDPMs and U-Net [11], [23], semantic
guidance through CLIP [24], precise geometric conditioning with ControlNet and Canny
edges [12], [26], and efficient textural adaptation via LoRA [13]—positions SD as a highly
robust, state-of-the-art paradigm for synthetic defect generation.

1.2 Justification

Waiting for physical defects to occur naturally in order to manually acquire and annotate
thousands of samples is a highly inefficient process that disrupts continuous production
lines [15]. Therefore, transitioning from manual data acquisition to advanced synthetic
data generation represents a crucial optimization of manufacturing resources.

The proposed solution leverages the efficiency of LDMs combined with LoRA, poten-
tially lowering the barrier to entry in order to make this transition accessible in terms of
both computational and economic resources. Historically, training foundational genera-
tive models from scratch required massive, financially prohibitive data center infrastruc-
tures [10]. However, LoRA fundamentally shifts this paradigm by drastically reducing the
computational overhead required for domain-specific adaptation [13].

This architectural efficiency enables the synthesis of high-fidelity defects using accessible,
consumer-grade hardware—such as an off-the-shelf NVIDIA RTX 3090Ti Graphics Pro-
cessing Unit (GPU)—reducing the need for expensive compute clusters [10], [12], [13].
When compared to the recurrent labor and operational costs associated with extensive
manual inspection procedures [2], [19], this localized synthetic approach becomes a highly
affordable and sustainable alternative for broad industrial applications.

Ultimately, this approach directly advances the core principles of smart manufacturing.
A central pillar of these modern intelligent manufacturing systems is the integration of
the Internet of Things (IoT) and DL to digitally model and optimize physical processes
[19].

By synthesizing a comprehensive digital distribution of manufacturing anomalies, this
work shifts the paradigm from reactive data collection—waiting for rare physical failures
to occur naturally to learn from them [15], [19]—to proactive synthetic generation. This
integration enables systems to, a priori, train robust computer vision classifiers on ex-
panded datasets [19], strengthening the role of digital transformation in solving inherent
production challenges and achieving higher levels of industrial automation [15].
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1.3 Problem

When developing a computer vision system to detect defects in manufactured parts, en-
gineers face the necessity of performing data augmentation on their training data due to
the extreme scarcity of balanced training data [5], [15], [19]. Although engineers might
have access to a company’s internal data, the defect class in datasets is typically highly
imbalanced [1], [15]. However, manual intervention to increase data variability is highly
complex and expensive [1], [15], [19].

This scarcity of real defect image samples represents a critical bottleneck in the develop-
ment of automated defect detection systems [15], [19]. This lack of data is an inherent
byproduct of modern manufacturing processes; because production lines are highly op-
timized to minimize physical errors, true structural defects manifest as rare statistical
anomalies [1]. For DL classifiers, this extreme class imbalance leads to biased training,
causing models to overfit to the defect-free majority class and ultimately fail to reliably
identify critical surface flaws [5], [15], [19].

It is widely recognized in the literature that generating a labeled dataset is a highly ex-
pensive and time-consuming task [5], [15], [19]. To mitigate this issue, recent research
has proposed various data augmentation strategies [5], [15], [19]. These approaches range
from classical data warping—which artificially inflates datasets through geometric trans-
formations such as rotating, flipping, and cropping [5], [19]—to “copy-paste” techniques
that directly overlap defect samples onto defect-free images to balance the dataset [27].

Although these traditional data augmentation techniques exist, they often result in per-
formance saturation regarding model generalization [5], [19]. Relying on simple geometric
transformations fails to improve the underlying data distribution determined by higher-
level features, ultimately falling short of capturing the complex visual variations of real
surface anomalies [5], [19].

These transformations are effective in teaching the network translational invariances, en-
suring the model recognizes a defect regardless of its position or rotation [5]. However,
these techniques do not create semantically new synthetic instances [19]. In complex do-
mains, bridging the gap between the training and test sets requires overcoming biases
that are significantly more complex than simple translational and positional variances [5].

Regarding generative AI solutions for synthetic data generation in this domain, VAEs and
GANs are two prominent options; however, both present significant limitations [9], [28].
While VAEs provide a probabilistic framework for generation, their inherent injection of
noise and reliance on imperfect element-wise measures—such as the Mean Squared Error
(MSE) loss—prevent them from accurately capturing high-frequency details, inevitably
resulting in blurred image generation [7], [9].

On the other hand, standard GANs suffer from severe convergence instability and a well-
documented phenomenon known as mode collapse [9], [19], [20], [28]. These adversarial
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models are notoriously hard to train because early generated samples often differ signif-
icantly from real data [9], [20]. If the discriminator perfectly separates real from fake
images too quickly during this early stage, it leads to an unstable training process where
gradient descent suffers from vanishing gradients and fails to provide significant updates
to the generator [8], [9].

Furthermore, even if training progresses, the generator frequently suffer from mode col-
lapse, a state where it produces images restricted to a limited area of the real data distri-
bution, thereby losing the ability to synthesize the diverse samples required for effective
data augmentation [9], [19], [20].

To address these isolated vulnerabilities, hybrid architectures like the CVAE-GAN were
initially proposed to integrate the probabilistic mapping of VAEs with the high-resolution
generation of GANs [9]. However, while these models mitigate basic mode collapse and
offer conditional control [9], they ultimately fail to overcome the inherent bottlenecks of
adversarial training when applied to rigorous industrial demands [15], [19]. Specifically,
synthesizing highly complex, high-frequency texture details—such as fine porosity and
surface roughness—exposes residual adversarial instabilities [19]. As a result, the gener-
ator still struggles to accurately fit the true statistical distribution of complex metallic
anomalies [15], [19].

Recent research concludes that the lack of high-fidelity samples and balanced datasets
directly impacts critical metrics such as the F1-score [19]. Without adequate and high-
quality data augmentation, classification performance decreases, translating into an un-
acceptable increase in false negatives (undetected defects) or false positives in production
environments [2], [15], [19].

Additionally, industrial defects possess high-frequency texture details [19]. If a standard
GAN generates low-quality images and suffers from Mode Collapse, the neural network
fails to learn the true defect distribution [9], [19], [20]. This behavior is often caused by
an overfitted discriminator that becomes unable to recognize subtle or irregular defects
on real production lines [15], [19].

The generation of synthetic data is no longer simply an auxiliary tool, but an essential
component of modern intelligent automation. Powered by the IoT, DL has become a
developing trend in smart manufacturing and surface defect detection [15], [19]; however,
overcoming dataset limitations is a critical prerequisite for deploying these methods in
industrial environments [3], [19]. While classic data augmentation methods—such as
Data Warping—reach a saturation point where adding more transformed data produces
marginal returns in accuracy [5], [19], deep generative models successfully break this
barrier by synthesizing highly diverse and realistic defect samples [19], [27].

Without the injection of high-quality synthetic data, industrial AI models hit an unac-
ceptable performance constraint, risking the release of defective products to the market
[2], [15], [19]. Consequently, overcoming this barrier requires abandoning unstable adver-
sarial networks—which inherently suffer from convergence issues and mode collapse [9],
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[19], [20]—in favor of mathematically stable paradigms.

DDPMs offer this stability through a rigorous likelihood-based framework [11]. Specif-
ically, LDMs like SD, which perform the generative process within a compressed latent
space reducing the computational costs, transition from theoretical research concepts to
becoming the critical infrastructure for quality assurance in modern manufacturing [10].

To clearly define the scope within this context, this work focuses exclusively on the design,
training, and evaluation of a Latent Diffusion generative architecture—leveraging SD
conditioned with ControlNet and optimized via LoRA—to synthesize high-fidelity defect
data and entirely mitigate the adversarial mode collapse inherent to standard GANs.
Consequently, the compilation of a final, production-ready balanced dataset, as well as
the subsequent training and deployment of an operational computer vision classifier for
real-time defect detection, remains entirely outside the boundaries of this project.

1.4 Hypothesis

The implementation of a LDM, specifically SD, geometrically conditioned via ControlNet
and texturally optimized through LoRA, enables a highly precise modeling of the sta-
tistical distribution of industrial defects on casting manufactured pieces. By relying on
a mathematically stable denoising process, this approach outperforms hybrid adversarial
architectures, such as the CVAE-GAN, by entirely avoiding inherent training instabili-
ties and Mode Collapse, thereby successfully capturing complex, high-frequency textural
details.

Furthermore, it addresses the critical class imbalance caused by the high refinement of
modern manufacturing processes—which are strictly optimized to minimize physical er-
rors—by providing a reliable and computationally efficient method to synthetically pop-
ulate the “defect” class, mitigating the necessity to manually gather, preprocess, and
annotate extensive real-world samples.

The success of this generative architecture will be quantitatively validated against a spe-
cific baseline: a custom, hybrid adversarial architecture CVAE-GAN trained under iden-
tical constraints. Operationally, success is defined by achieving a FID score strictly lower
than the baseline—proving superior visual and distributional fidelity compared to real de-
fect samples—and an LPIPS score significantly lower than the baseline, confirming robust
intra-class diversity and the successful mitigation of Mode Collapse.
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1.5 Objectives

1.5.1 General Objective

To design, implement, and fine-tune a pre-trained LDM—specifically SD enhanced with
ControlNet and LoRA—for the generation of high-fidelity synthetic images of defective
casting pieces, and to comparatively evaluate its performance against a custom designed
and trained CVAE-GAN baseline model. Furthermore, to demonstrate that the diffusion-
based architecture effectively mitigates mode collapse and provides a superior, mathemat-
ically stable solution to the severe class imbalance inherent to industrial datasets.

1.5.2 Specific Objectives

1. To acquire and preprocess an adequate industrial dataset of casting manufactured
pieces, ensuring the standardization of images and the extraction of Canny edge
maps required for the geometric-conditioning approach of ControlNet.

2. To design and train a custom class-conditioned CVAE-GAN architecture to serve
as the formal adversarial baseline for comparative evaluation.

3. To implement and fine-tune a pre-trained LDM—specifically SD enhanced with Con-
trolNet and LoRA—focusing on precise geometric conditioning and high-frequency
textural adaptation.

4. To quantitatively evaluate the generative performance of both architectures by mea-
suring visual realism and intra-class diversity using FID and LPIPS metrics.

5. To perform a comparative benchmark between the diffusion-based model and the
adversarial baseline, demonstrating that the LDM effectively mitigates Mode Col-
lapse and provides superior statistical modeling of industrial defects.

1.6 Scientific and Technological Contribution

Nowadays, while base generative models like VAEs and GANs are widely implemented,
they frequently suffer from inherent limitations, such as severe mode collapse. This re-
search contributes to the empirical demonstration that LDMs—specifically SD integrated
with ControlNet and LoRA—provide a mathematically stable alternative that mitigates
these issues. Furthermore, it proves that this diffusion-based approach excels in the high-
frequency texture domain, accurately synthesizing the complex morphology of industrial
casting defects.
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Additionally, this work provides a validated methodology to transition from traditional
geometric Data Warping to the generation of semantically new synthetic data. In doing
so, this research establishes a scalable framework for targeted defect synthesis, effectively
addressing the severe class imbalance inherent to industrial datasets.

Ultimately, by generating high-fidelity synthetic data, this approach facilitates the devel-
opment of robust computer vision models for quality inspection. It allows the industry to
overcome the critical data scarcity caused by strictly optimized manufacturing lines, pro-
viding the necessary volume of “defect” samples without the operational costs of extensive
manual data collection.
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2. STATE OF ART OR THE
TECHNIQUE
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The progressive evolution of deep generative models has fundamentally changed how
researchers approach the synthetic data generation in complex visual domains, such as
those found in industrial manufacturing. This chapter presents a critical review of the
recent scientific literature, focusing on the advancement of generative architectures that
have defined the state of the art in this field in recent years.

This chapter reviews current works that have proposed solutions to the problem of syn-
thetic image generation across three main paradigms: adversarial approaches and hybrid
architectures (specifically VAEs and GANs), the paradigm shift toward DDPMs, and the
integration of explicit geometric conditioning and efficient textural adaptation techniques.

Furthermore, this chapter formally defines the research gap that motivates the proposed
architecture based on diffusion models, and establishes the theoretical and empirical basis
for the subsequent design, implementation, and evaluation of the proposed solution.

To provide a structured overview of the literature reviewed in this chapter, Table 2.1
summarizes each of the generative models discussed in the following sections, detailing
their main methodology and publication year.

Table 2.1: Summary of state-of-the-art generative models in industrial defect augmenta-
tion.

Work / Paper Brief Summary Year
Defect-GAN [29] A compositional layer-based architecture simulating

defacement and restoration on normal surfaces to gen-
erate anomalies.

2021

Defect Transfer
GAN [27]

An adversarial transfer framework copying learned de-
fect characteristics onto healthy background textures.

2023

Con-GAN [19] A contrastive GAN framework using hypersphere-
based contrastive loss for few-shot metal defect syn-
thesis.

2023

DG2GAN [30] A CycleGAN-based architecture using Jensen-Shannon
optimized discriminator to translate healthy images to
defective ones.

2024

DCCVAE-
ACWGAN-GP
[31]

A hybrid DCCVAE and ACWGAN-GP model for con-
trolled multi-category synthesis of ship coating defects.

2024

StyleGAN2-AFMS
[32]

A frequency-domain dual-stream adversarial model
modulating weld defect features via Amplitude-
Frequency Modulation Synthesis.

2026

DDPM Baseline [33] A systematic evaluation of standard DDPMs for in-
distribution augmentation, showing robust anomaly
capture.

2024

AnomalyDiffusion
[34]

A diffusion model decoupling defect appearance from
spatial location using spatial anomaly embeddings.

2024
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Table 2.1 continued from previous page
Work / Paper Brief Summary Year
TF-IDG [35] A training-free one-shot diffusion framework aligning

features via Adaptive Anomaly Mask on normal back-
grounds.

2025

GroundingAnomaly
[36]

A diffusion-based approach incorporating per-pixel se-
mantic maps for fine-grained spatial control.

2026

AnomalyControl [37] A few-shot inpainting framework using Stable Diffusion
and ControlNet guided by binary anomaly masks.

2024

stableIDG [38] A Stable Diffusion adaptation using LoRA fine-tuning,
personalized defect identifiers, and mask-guided learn-
ing.

2025

2.1 Adversarial Approaches and Hybrid Architectures
(VAEs and GANs)

In recent years, literature has demonstrated that to address the extreme scarcity of bal-
anced datasets in industrial environments—particularly the “defect” class in metallic parts,
castings and manufactured surfaces—GANs and VAEs have evolved from general-purpose
generative models into highly specialized domain architectures [15], [29].

2.1.1 Defect-GAN for Automated Inspection

Addressing the lack of anomalous samples in automated inspection, Zhang et al. [29]
proposed Defect-GAN. This architecture pioneered the automated generation of synthetic
defect images by mimicking the defacement and restoration processes on normal surface
images. It employs a compositional layer-based architecture that provides flexible control
over the categorical type and spatial location of the generated defects. By introducing
stochastic variations into the defacement process, Defect-GAN successfully generates real-
istic samples across various image backgrounds, directly addressing the critical bottleneck
of data scarcity in industrial defect detection [29].

2.1.2 Defect Transfer GAN for Data Augmentation

Generating entirely complex industrial backgrounds from scratch is a highly challenging
task. To overcome this, Wang et al. [27] introduced the Defect Transfer GAN. This
architecture focuses exclusively on diverse defect synthesis by extracting learned defect
features and transferring them onto healthy—defect-free—images. This adversarial-based
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“copy-paste” approach ensures that the newly synthesized samples maintain the highly op-
timized background of the textures of real manufactured parts while artificially populating
the minority class with realistic defect variations, thus effectively balancing the dataset
and improving the performance of downstream classifiers [27].

2.1.3 Con-GAN for Steel and Printed Circuit Board (PCB) sur-
faces

Focusing explicitly on metallic components and addressing extreme few-shot scenarios,
Du et al.[19] developed Con-GAN. Since standard GANs struggle to synthesize the high-
frequency texture details of metallic defects, Con-GAN uses a Shared Data Augmentation
(SDA) module and Feature Attention Matching (FAM). Steel surfaces datasets and PCBs,
the model learns to synthesize diverse anomalous samples using as few as 10 real defect
images. The incorporation of a hypersphere-based contrastive loss prevents model col-
lapse, and successfully tackles the data imbalance gap in critical metal manufacturing
[19].

2.1.4 DG2GAN for Manufacturing Datasets

To address the severe imbalance between defective and non-defective data in practical
production lines, Deng et al. [30] proposed DG2GAN. This architecture leverages cycle
consistency loss to directly transform abundant defect-free manufacturing images into
defective samples. To guarantee that the generated images exhibit sufficient diversity
and high-quality textures, the authors integrated a Jensen-Shannon Divergence (DJS)
optimized discriminator and a novel Defect Generation (DG)—DG2—adversarial loss.
Evaluated on prominent industrial datasets like MVTec, this model successfully popu-
lates the defect class, raising downstream recognition precision significantly by artificially
correcting the skewed class distribution [30].

2.1.5 DCCVAE-ACWGAN-GP for Ship Coating Defects

Addressing the severe data imbalance in the shipbuilding industry, Bu et al. [31] de-
veloped a hybrid architecture—DCCVAE-ACWGAN-GP to synthesize diverse coating
defect images—cracking, blistering, and sagging—on metallic ship surfaces. By combin-
ing the probabilistic latent space modeling of a Deep Convolutional Conditional VAE
(DCCVAE) with the adversarial learning mechanism of an Auxiliary Conditional Wasser-
stein GAN (ACWGAN) with Gradient Penalty (GP), this method generates controllable,
multi-category defect datasets. This probabilistic-adversarial approach circumvents the
mode collapse issues inherent to standard unsupervised GANs, effectively populating the
defect class to train robust classifiers.
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2.1.6 StyleGAN2-AFMS for Laser Welds

Pushing adversarial data augmentation into highly complex domains—such as precision
electronics—, Ma et al. [32] addressed the severe shortage of class-balanced training
datasets in sinusoidal wobble laser welds. They proposed StyleGAN2-AFMS, a novel
generative model that handles the coexistence of strong periodic domain textures and
local non-periodic defects in metallic joints. By employing a frequency-domain dual-
stream mechanism—reconstructing global periodic structures via inverse Fourier trans-
form while modulating non-periodic defect features (Attentive Fourier-Modulation Syn-
thesis (AFMS))—the network successfully synthesizes high-fidelity critical metallic anoma-
lies like fractures, and excessive penetration. Coupled with Adaptive Discriminator Aug-
mentation (ADA), this model successfully mitigates the overfitting in few-shot metallic
defect detection [32].

2.2 The Paradigm Shift Toward DDPMs

2.2.1 DDPMs for In-Distribution Augmentation

To establish as baseline for diffusion-based data augmentation in industrial domains,
Capogrosso et al. [33] systematically evaluated standard DDPMs for generating surface
defects. This work demonstrated that, compared with traditional techniques, diffusion
models excel at generating in-distribution augmented images that capture the subtle visual
features of industrial anomalies. By producing samples that accurately reflect the true
distribution of the minority class, this approach effectively balances the datasets and
significantly improves the performance of downstream defect detectors [33].

2.2.2 AnomalyDiffusion for Decoupled Anomaly Synthesis

To overcome the fact that generative models often destroy highly optimized, complex
background textures of manufactured pieces when synthesizing defects, Hu et al. [34]
proposed AnomalyDiffusion. This DDPM-based framework decouples the appearance
of the anomaly from its spatial location. By utilizing spatial anomaly embeddings, the
model learns the high-frequency stochastic details of industrial defects independently from
the background. This allows the network to iteratively denoise and inject highly realis-
tic anomalies into healthy parts, avoiding the corruption of the surrounding structural
integrity, thereby effectively populating the defect class [34].

30



2.2.3 TF-IDG for Training-Free Defect Generation

Addressing the huge computational costs and data requirements of training standard dif-
fusion models from zero, Xu et al. [35] presented the Training-Free Industrial Defect
Generation (TF-IDG). This method tackles the extreme "one-shot" scenario—where only
a single real anomaly sample is available per metallic defect type—by leveraging a fea-
ture alignment strategy and an Adaptive Anomaly Mask directly within a pre-trained
diffusion space, TF-IDG extracts fine-grained characteristics of the single reference defect
and seamlessly integrates them into the normal background images. This approach suc-
cessfully bypasses the massive computational overhead due to retraining of DDPMs while
continuously populating the defect class with high-fidelity, diverse synthetic industrial
anomalies [35].

2.2.4 GroundingAnomaly for Spatial Control

Following the need for precise defect population in industrial datasets, Liu et al. [36]
proposed GroundingAnomaly. While standard DDPMs offer better mode coverage over
GANs, they lack fine-grained spatial control. To overcome this, the researchers integrated
per-pixel semantic maps into the diffusion reverse process. This explicit mask-guided
framework ensures that the generated anomalies are precisely aligned with predefined
locations on the manufactured parts. By transforming readily available defect-free metal-
lic and industrial images into accurately labeled defective samples, GroundingAnomaly
provides a mathematically stable solution to artificially balance industrial datasets for
downstream classification and segmentation [36].

2.3 Explicit Geometric Conditioning and Efficient Tex-
tural Adaptation

2.3.1 AnomalyControl via Inpainting and ControlNet

To address the difficulty of steering large general-purpose models to produce realistic de-
fects for specific industrial products, AnomalyControl was proposed by Ali et al. [37]
as a few-shot generation framework. Understanding that standard generation alters the
entire image, this method casts defect generation strictly as an inpainting problem over
nominal—defect-free—images. By deploying a pre-trained SD inpainting backbone along-
side ControlNet, it ingests binary anomaly masks taken from real anomalous samples,
ensuring that the generated defects perfectly adhere to the required spatial geometries
without destroying the surrounding healthy textures. This approach was validated on
the MVTec AD dataset, where it efficiently populates the defect class and significantly
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improves the performance of downstream classifiers, demonstrating the critical role of
explicit geometric conditioning in industrial defect synthesis [37].

2.3.2 stableIDG for Steel Surface Defects

Targeting the long-tailed distribution inherent to industrial manufacturing, Li et al. [38]
developed stableIDG, a novel architecture specifically designed for generating complex
metal surface defects—such as Inclusions and Foreign Object Embeddings on medium
and heavy plates—. To achieve efficient textural adaptation without massive computa-
tional overhead, the model fine-tunes SD using LoRA embedding matrices. In addition, it
incorporates personalized defect identifiers and a mask-guided learning mechanism. This
geometric constraint forces the network’s attention toward the critical defect regions dur-
ing the denoising process, preventing malformation and synthesizing high-fidelity metallic
defects that effectively rebalance data-scarce industrial datasets [38].

2.4 Research Gap

To address the limitations of standalone adversarial networks, recent literature has heav-
ily explored hybrid architectures. For instance, advanced conditional variants, such as
the DCCVAE combined with Wasserstein GANs, have been deployed to generate high-
fidelity surface defects on metallic coatings, explicitly aiming to resolve model overfitting
caused by severely unbalanced datasets [31]. While these VAE-GAN hybrids successfully
mitigate basic instability by establishing reference points in a continuous latent space,
they inherently rely on adversarial training. Consequently, they still face significant bot-
tlenecks—such as mode collapse, convergence instability, and a lack of diversity—when
strictly required to model the stochastic, high-frequency textures of complex manufactur-
ing defects [19], [30].

To entirely mitigate these adversarial limitations, the field shifted toward DDPMs, which
offer a mathematically stable, likelihood-based framework free from mode collapse. How-
ever, standard pixel-space DDPMs incur immense computational costs and slow inference
times when scaling to high-resolution industrial images [35]. Consequently, LDMs—most
notably SD—emerge as the superior paradigm for industrial data augmentation. By per-
forming the iterative denoising process within a compressed, lower-dimensional latent
space, Stable Diffusion drastically reduces computational requirement while preserving
the ability to synthesize ultra-high-fidelity, high-frequency stochastic textures.

Despite the clear generative superiority of LDMs, adapting them to highly specific indus-
trial domains—such as casting— requires strict, simultaneous control over both texture
synthesis and geometric placement. Recent works have only tackled these conditioning
requirements in isolation. On one hand, methods like stableIDG successfully utilize LoRA
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for efficient textural fine-tuning [38]. However, because they rely on modifying the U-Net
input channels to ingest masks rather than employing robust structural controllers, they
exhibit limited control over the exact size, location, and quantity of the generated de-
fects, occasionally failing to strictly respect the predefined geometry [38]. On the other
hand, frameworks such as TF-IDG and AnomalyControl leverage ControlNet for precise
spatial alignment, but they depend on training-free feature extraction models or standard
inpainting techniques rather than direct, parameter-efficient weight fine-tuning [35], [37].

To the best of our knowledge, no existing approach in the literature seamlessly integrates
Stable Diffusion concurrently with both LoRA and ControlNet for industrial defect gener-
ation for dataset augmentation. This unexplored combination presents a critical research
gap. Uniting the parameter-efficient textural adaptation of LoRA with the rigorous, de-
coupled geometric conditioning of ControlNet could provide a scalable solution. Such an
integrated framework would effectively populate the defect class with unparalleled spa-
tial precision, strict adherence to the manufactured part’s geometry, and high-fidelity
metallic textures, entirely overcoming the data scarcity bottleneck in long-tailed precision
manufacturing datasets.
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3. THEORETICAL / CONCEPTUAL
FRAMEWORK
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While traditional Machine Learning (ML) depends on manual feature extraction, DL has
revolutionized the computer vision field by learning autonomous hierarchical representa-
tions directly from raw data. Inside DL, the discriminative models have been standardized
for classification tasks. However, for the objectives of this research—data synthesis—, it
is necessary to get into the Deep Generative Models branch. But, it is imperative to first
introduce the foundational architecture that is the backbone of these generative models:
the CNNs

3.1 Deep Learning in Computer Vision

3.1.1 Convolutional Neural Networks CNNs

CNNs established the foundational architecture for modern generative models because
they incorporate strong, inherently correct assumptions about the nature of visual data—
such as images—, specifically the stationarity of visual statistics and the locality of pixel
dependencies [4]. By utilizing an architecture based on 2D convolutions, CNNs achieve
an immense learning capacity that can be easily controlled by varying their depth and
breadth [4].

Figure 3.1: AlexNet CNN Generalized Architecture (generated using Nano Banana).
Adapted from [4]

Unlike standard feedforward networks—such as Multilayer Perceptron (MLP)—, this lo-
calized connectivity requires significantly fewer parameters and connections, making them
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more efficient and easier to train on high-resolution images [4]. Furthermore, the in-
herent, computationally efficient capability to understand and process complex spatial
hierarchies—or topologies—solidified CNNs as the critical backbone for advanced visual
synthesis

The Convolution Operation

In the context of DL applied to 2-dimensional signals, the convolution operation applies
a set of trainable filters—commonly called kernels—over the input image. Each kernel is
a small matrix of weights that slides across the input image, calculating the dot product
between the kernel and the current region of the input image it is covering. This pro-
duces a feature map that captures visual patterns—edges, textures, and other complex
structures—at different spatial locations [4].

CHAPTER 9. CONVOLUTIONAL NETWORKS
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Figure 9.1: An example of 2-D convolution without kernel-flipping. In this case we restrict
the output to only positions where the kernel lies entirely within the image, called “valid”
convolution in some contexts. We draw boxes with arrows to indicate how the upper-left
element of the output tensor is formed by applying the kernel to the corresponding
upper-left region of the input tensor.
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Figure 3.2: Convolution operation. Obtained from [39]

Goodfellow et al. [39] state that, given a two-dimensional input image I and a two-
dimensional kernel K of size m × n, the value of the resulting feature map S at spatial
position (i, j) is defined as:

S(i, j) = (I ∗K)(i, j) =
∑
m

∑
n

I(i+m, j + n)K(m,n) (3.1)

Where:

• I is the matrix of pixel intensities from the input image or previous layer.
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• K is the weight matrix of the kernel, designed to detect specific spatial frequency
patterns.

• The traversal of the kernel across the input image I is controlled by a stride and
padding parameter that provides local translation invariance to the extracted feature
map.

Non-Linear Activation

To model complex high-dimensional representations in addition to simple affine transfor-
mations, the resulting feature map S is passed through a non-linear activation function.
The standard choice for convolutional layers is the Rectified Linear Unit (ReLU) activa-
tion function, mathematically defined as [4], [39]:

f(x) = max(0, x) (3.2)

This activation function introduces mathematical sparsity into the network by clamping
all negative values to zero. This characteristic is critical since its derivative is exactly
1 for all positive inputs, effectively mitigating the vanishing gradient problem that deep
architectures face during backpropagation [39].

Spatial Subsampling (Pooling)

To decrease the computational cost and progressively expand the receptive field of deeper
kernels, a spatial subsampling operation—known as pooling—is applied. Max pooling
is the most commonly chosen technique, since it captures the maximum value within a
predefined sliding window—similar to the convolution operation—typically of size 2× 2.
This effectively downsamples the feature map’s dimensions [4], [39]:

fpool(R) = max
i,j∈R

xi,j (3.3)

Where:

• R is the region of the feature map covered by the pooling window.

• xi,j are the values within that region.
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3.1.2 GoogLeNet and the Inception Module

To extract multi-scale topological features without incurring prohibitive computational
costs, the Inception architecture utilizes parallel processing paths. Instead of a single fil-
ter, the module simultaneously computes convolutions using 1×1, 3×3, and 5×5 kernels,
subsequently concatenating their output tensors. Crucially, it employs 1× 1 convolutions
as dimensionality reduction bottlenecks prior to the larger spatial operations. This math-
ematical configuration allows the network to capture both fine-grained anomalies and
global structural defects within a single layer efficiently [40] (See Figure 3.3).

1x1 convolutions 3x3 convolutions 5x5 convolutions

Filter 
concatenation

Previous layer

3x3 max pooling

(a) Inception module, naı̈ve version

1x1 convolutions

3x3 convolutions 5x5 convolutions

Filter 
concatenation

Previous layer

3x3 max pooling1x1 convolutions 1x1 convolutions

1x1 convolutions

(b) Inception module with dimension reductions

Figure 2: Inception module

increase in the number of outputs from stage to stage. Even while this architecture might cover the
optimal sparse structure, it would do it very inefficiently, leading to a computational blow up within
a few stages.

This leads to the second idea of the proposed architecture: judiciously applying dimension reduc-
tions and projections wherever the computational requirements would increase too much otherwise.
This is based on the success of embeddings: even low dimensional embeddings might contain a lot
of information about a relatively large image patch. However, embeddings represent information in
a dense, compressed form and compressed information is harder to model. We would like to keep
our representation sparse at most places (as required by the conditions of [2]) and compress the
signals only whenever they have to be aggregated en masse. That is, 1⇥1 convolutions are used to
compute reductions before the expensive 3⇥3 and 5⇥5 convolutions. Besides being used as reduc-
tions, they also include the use of rectified linear activation which makes them dual-purpose. The
final result is depicted in Figure 2(b).

In general, an Inception network is a network consisting of modules of the above type stacked upon
each other, with occasional max-pooling layers with stride 2 to halve the resolution of the grid. For
technical reasons (memory efficiency during training), it seemed beneficial to start using Inception
modules only at higher layers while keeping the lower layers in traditional convolutional fashion.
This is not strictly necessary, simply reflecting some infrastructural inefficiencies in our current
implementation.

One of the main beneficial aspects of this architecture is that it allows for increasing the number of
units at each stage significantly without an uncontrolled blow-up in computational complexity. The
ubiquitous use of dimension reduction allows for shielding the large number of input filters of the
last stage to the next layer, first reducing their dimension before convolving over them with a large
patch size. Another practically useful aspect of this design is that it aligns with the intuition that
visual information should be processed at various scales and then aggregated so that the next stage
can abstract features from different scales simultaneously.

The improved use of computational resources allows for increasing both the width of each stage
as well as the number of stages without getting into computational difficulties. Another way to
utilize the inception architecture is to create slightly inferior, but computationally cheaper versions
of it. We have found that all the included the knobs and levers allow for a controlled balancing of
computational resources that can result in networks that are 2� 3⇥ faster than similarly performing
networks with non-Inception architecture, however this requires careful manual design at this point.

5 GoogLeNet

We chose GoogLeNet as our team-name in the ILSVRC14 competition. This name is an homage to
Yann LeCuns pioneering LeNet 5 network [10]. We also use GoogLeNet to refer to the particular
incarnation of the Inception architecture used in our submission for the competition. We have also
used a deeper and wider Inception network, the quality of which was slightly inferior, but adding it
to the ensemble seemed to improve the results marginally. We omit the details of that network, since
our experiments have shown that the influence of the exact architectural parameters is relatively

5

Figure 3.3: Inception Module. Obtained from [40]

3.1.3 Residual Network (ResNet)

As generative architectures increase in depth to model complex distributions, they inher-
ently suffer from optimization difficulties, most notably the degradation problem, during
training [41]. To guarantee stable optimization, the ResNet framework introduces identity
shortcut connections [41]. Instead of expecting stacked non-linear layers to fit a direct
mapping, it forces them to fit a residual mapping, formalized as [41]:

y = F(x,Wi) + x (3.4)

This concept can be visualized in Figure 3.4, where the input x is directly added to the
output of the convolutional block.
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Figure 2. Residual learning: a building block.

are comparably good or better than the constructed solution
(or unable to do so in feasible time).

In this paper, we address the degradation problem by
introducing a deep residual learning framework. In-
stead of hoping each few stacked layers directly fit a
desired underlying mapping, we explicitly let these lay-
ers fit a residual mapping. Formally, denoting the desired
underlying mapping as H(x), we let the stacked nonlinear
layers fit another mapping of F(x) := H(x)�x. The orig-
inal mapping is recast into F(x)+x. We hypothesize that it
is easier to optimize the residual mapping than to optimize
the original, unreferenced mapping. To the extreme, if an
identity mapping were optimal, it would be easier to push
the residual to zero than to fit an identity mapping by a stack
of nonlinear layers.

The formulation of F(x)+x can be realized by feedfor-
ward neural networks with “shortcut connections” (Fig. 2).
Shortcut connections [2, 34, 49] are those skipping one or
more layers. In our case, the shortcut connections simply
perform identity mapping, and their outputs are added to
the outputs of the stacked layers (Fig. 2). Identity short-
cut connections add neither extra parameter nor computa-
tional complexity. The entire network can still be trained
end-to-end by SGD with backpropagation, and can be eas-
ily implemented using common libraries (e.g., Caffe [19])
without modifying the solvers.

We present comprehensive experiments on ImageNet
[36] to show the degradation problem and evaluate our
method. We show that: 1) Our extremely deep residual nets
are easy to optimize, but the counterpart “plain” nets (that
simply stack layers) exhibit higher training error when the
depth increases; 2) Our deep residual nets can easily enjoy
accuracy gains from greatly increased depth, producing re-
sults substantially better than previous networks.

Similar phenomena are also shown on the CIFAR-10 set
[20], suggesting that the optimization difficulties and the
effects of our method are not just akin to a particular dataset.
We present successfully trained models on this dataset with
over 100 layers, and explore models with over 1000 layers.

On the ImageNet classification dataset [36], we obtain
excellent results by extremely deep residual nets. Our 152-
layer residual net is the deepest network ever presented on
ImageNet, while still having lower complexity than VGG
nets [41]. Our ensemble has 3.57% top-5 error on the

ImageNet test set, and won the 1st place in the ILSVRC
2015 classification competition. The extremely deep rep-
resentations also have excellent generalization performance
on other recognition tasks, and lead us to further win the
1st places on: ImageNet detection, ImageNet localization,
COCO detection, and COCO segmentation in ILSVRC &
COCO 2015 competitions. This strong evidence shows that
the residual learning principle is generic, and we expect that
it is applicable in other vision and non-vision problems.

2. Related Work

Residual Representations. In image recognition, VLAD
[18] is a representation that encodes by the residual vectors
with respect to a dictionary, and Fisher Vector [30] can be
formulated as a probabilistic version [18] of VLAD. Both
of them are powerful shallow representations for image re-
trieval and classification [4, 48]. For vector quantization,
encoding residual vectors [17] is shown to be more effec-
tive than encoding original vectors.

In low-level vision and computer graphics, for solv-
ing Partial Differential Equations (PDEs), the widely used
Multigrid method [3] reformulates the system as subprob-
lems at multiple scales, where each subproblem is respon-
sible for the residual solution between a coarser and a finer
scale. An alternative to Multigrid is hierarchical basis pre-
conditioning [45, 46], which relies on variables that repre-
sent residual vectors between two scales. It has been shown
[3, 45, 46] that these solvers converge much faster than stan-
dard solvers that are unaware of the residual nature of the
solutions. These methods suggest that a good reformulation
or preconditioning can simplify the optimization.

Shortcut Connections. Practices and theories that lead to
shortcut connections [2, 34, 49] have been studied for a long
time. An early practice of training multi-layer perceptrons
(MLPs) is to add a linear layer connected from the network
input to the output [34, 49]. In [44, 24], a few interme-
diate layers are directly connected to auxiliary classifiers
for addressing vanishing/exploding gradients. The papers
of [39, 38, 31, 47] propose methods for centering layer re-
sponses, gradients, and propagated errors, implemented by
shortcut connections. In [44], an “inception” layer is com-
posed of a shortcut branch and a few deeper branches.

Concurrent with our work, “highway networks” [42, 43]
present shortcut connections with gating functions [15].
These gates are data-dependent and have parameters, in
contrast to our identity shortcuts that are parameter-free.
When a gated shortcut is “closed” (approaching zero), the
layers in highway networks represent non-residual func-
tions. On the contrary, our formulation always learns
residual functions; our identity shortcuts are never closed,
and all information is always passed through, with addi-
tional residual functions to be learned. In addition, high-
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Figure 3.4: Residual Learning Block. Obtained from [41]

3.1.4 U-Net Architecture

While standard CNNs excel at feature extraction, they often struggle to preserve the
spatial information critical for pixel-perfect reconstruction tasks. The U-Net architec-
ture achieves this through a symmetrical encoder-decoder structure linked by spatial skip
connections [23].

Unlike ResNet’s element-wise addition, U-Net explicitly concatenates high-resolution fea-
ture maps from the encoder to the corresponding decoder layers [23]. This matrix concate-
nation reintroduces the exact spatial details lost during the downsampling process—latent
compression—enabling the decoder to keep the strictly necessary high-frequency details
to reconstruct sharp geometric structures.

Mathematically, the input to a decoder layer l is defined as:

X
(l)
dec = Concat

(
U(X(l−1)

dec ), X(L−l)
enc

)
(3.5)

where:

• U(·) denotes the spatial upsampling operation (such as a transposed convolution).

• X
(L−l)
enc represents the symmetrically corresponding high-resolution feature map from

the encoder.

By passing this high-frequency topological data directly across the network bottleneck, the
architecture preserves fine-grained spatial coordinates throughout the generative process.
Figure 3.5 illustrates the U-Net topology, demonstrating how the encoder and decoder
are linked to achieve precise localization.
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Figure 3.5: U-Net Basic Architecture. Adapted from [23].

3.2 Deep Generative Models

3.2.1 Variational Autoencoders (VAEs)

Standard deterministic Autoencoders (AEs) are designed to compress high-dimensional
data into lower-dimensional latent vectors—bottleneck-shaped architectures—through an
encoder, and subsequently reconstruct the original data via a decoder (see Figure 3.6).
While effective for data compression, these models inherently memorize the training man-
ifold as discrete points in the latent space. This results in a meaningless, non-continuous
interpolation between samples, making them unsuitable for generating high-fidelity im-
ages [39].
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Xn
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X2ˆ
X1ˆ

Figure 3.6: Autoencoder Architecture. Adapted from [42]

This limitation is addressed by VAEs, introduced by Kingma and Welling [6]. By defining
a probabilistic generative process rather than a deterministic mapping, the VAE network,
parameterized by ϕ, maps the high-dimensional image x to a localized probability distri-
bution within the continuous latent space z. Instead of resulting in a strict coordinate
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vector, the encoder approximation qϕ(z|x) produces two different vectors: a mean vec-
tor µ and a variance vector σ2. Together, these vectors define a multivariate Gaussian
distribution of the latent representation of the input image x [6]:

qϕ(z|x) = N (z;µ, σ2I) (3.6)

The Reparameterization Trick

To enable backpropagation through the stochastic sampling process, this Gaussian distri-
bution must be differentiable with respect to the parameters µ and σ2. To achieve this,
the VAE architecture employs the reparameterization trick [6]. A random noise variable
ϵ is sampled from a standard normal distribution N (0, I). The latent representation z is
computed as a deterministic function as follows [6], [39]:

z = µ+ σ ⊙ ϵ (3.7)

where ⊙ denotes the element-wise product. This formulation isolates the stochasticity
in ϵ, preserving the differentiability required for gradient-based optimization of µ and σ2

during training [39] (see Figure 3.7).
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Figure 3.7: Variational Autoencoder Architecture. Adapted from [43]

The Objective Function

The optimization objective of the VAE cannot be solved analytically. Therefore, the
model is trained by minimizing the Evidence Lower Bound (ELBO), which combines a
spatial reconstruction loss—measuring the fidelity of the generated image compared to the

41



original input—with a statistical regularization term—the Kullback-Leibler Divergence
(KLD)—that encourages the learned latent distribution to approximate a prior standard
normal distribution [6]:

LV AE(θ, ϕ; x) = −Eqϕ(z|x)[log pθ(x|z)] +DKL(qϕ(z|x) ∥ p(z)) (3.8)

Where:

• The first term is the expected negative log-likelihood of the data that evaluates
the reconstruction fidelity of the generated image pθ(x|z) compared to the original
input x [6]. This term ensures that the generated morphology accurately matches
the input sample constraint—typically measured by a pixel-wise loss such as MSE.

• The second term utilizes the KLD to force the learned latent distribution towards a
standard normal distribution p(z) = N (0, I) [6]. This statistical constraint ensures
a continuous latent space that is strictly necessary for generating coherent structural
interpolations by sampling coordinates within the existing data distribution [39].

3.2.2 Generative Adversarial Networks GANs

While VAEs optimize an explicit lower-bound on the data likelihood, GANs, introduced
by Goodfellow et al. [44], address the generative problem through implicit density estima-
tion. The architecture avoids Markov chains and unrolled approximate inference networks,
formulating the training process as a zero-sum game between two parameterized neural
networks: a Generator G and a Discriminator D (see Figure 3.8).

Discriminator
D

Latent
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Generator
G

Real Images

Generated Images

High
Dimensional

Sample Space

Real

False

Figure 3.8: Generative Adversarial Network Architecture. Adapted from [44]
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The Adversarial Framework

Here, pdata(x) represents the true data distribution over the real spatial data x. The
Generator G(z; θg), parameterized by θg, is tasked with mapping a latent noise vector z,
sampled from a simple prior distribution pz(z)—such as a standard normal distribution—
to the high-dimensional data space, producing synthetic samples G(z).

In contrast, the Discriminator D(x; θd), parameterized by θd, acts as a binary classifier
that outputs a single scalar D(x) ∈ [1]. This represents the probability that the evaluated
input x came from the real empirical data distribution pdata rather than the synthetic
distribution pg produced by the Generator [44].

To understand the training dynamics between the Generator and the Discriminator, it
is helpful to visualize how their respective probability distributions evolve over time. As
illustrated in Figure 3.9, this adversarial process aims to drive the model toward a Nash
equilibrium [44].

In other words, D and G play the following two-player minimax game with value function V (G, D):

min
G

max
D

V (D, G) = Ex⇠pdata(x)[log D(x)] + Ez⇠pz(z)[log(1�D(G(z)))]. (1)

In the next section, we present a theoretical analysis of adversarial nets, essentially showing that
the training criterion allows one to recover the data generating distribution as G and D are given
enough capacity, i.e., in the non-parametric limit. See Figure 1 for a less formal, more pedagogical
explanation of the approach. In practice, we must implement the game using an iterative, numerical
approach. Optimizing D to completion in the inner loop of training is computationally prohibitive,
and on finite datasets would result in overfitting. Instead, we alternate between k steps of optimizing
D and one step of optimizing G. This results in D being maintained near its optimal solution, so
long as G changes slowly enough. This strategy is analogous to the way that SML/PCD [31, 29]
training maintains samples from a Markov chain from one learning step to the next in order to avoid
burning in a Markov chain as part of the inner loop of learning. The procedure is formally presented
in Algorithm 1.

In practice, equation 1 may not provide sufficient gradient for G to learn well. Early in learning,
when G is poor, D can reject samples with high confidence because they are clearly different from
the training data. In this case, log(1 � D(G(z))) saturates. Rather than training G to minimize
log(1�D(G(z))) we can train G to maximize log D(G(z)). This objective function results in the
same fixed point of the dynamics of G and D but provides much stronger gradients early in learning.

. . .

(a) (b) (c) (d)

Figure 1: Generative adversarial nets are trained by simultaneously updating the discriminative distribution
(D, blue, dashed line) so that it discriminates between samples from the data generating distribution (black,
dotted line) px from those of the generative distribution pg (G) (green, solid line). The lower horizontal line is
the domain from which z is sampled, in this case uniformly. The horizontal line above is part of the domain
of x. The upward arrows show how the mapping x = G(z) imposes the non-uniform distribution pg on
transformed samples. G contracts in regions of high density and expands in regions of low density of pg . (a)
Consider an adversarial pair near convergence: pg is similar to pdata and D is a partially accurate classifier.
(b) In the inner loop of the algorithm D is trained to discriminate samples from data, converging to D⇤(x) =

pdata(x)
pdata(x)+pg(x)

. (c) After an update to G, gradient of D has guided G(z) to flow to regions that are more likely
to be classified as data. (d) After several steps of training, if G and D have enough capacity, they will reach a
point at which both cannot improve because pg = pdata. The discriminator is unable to differentiate between
the two distributions, i.e. D(x) = 1

2
.

4 Theoretical Results

The generator G implicitly defines a probability distribution pg as the distribution of the samples
G(z) obtained when z ⇠ pz . Therefore, we would like Algorithm 1 to converge to a good estimator
of pdata, if given enough capacity and training time. The results of this section are done in a non-
parametric setting, e.g. we represent a model with infinite capacity by studying convergence in the
space of probability density functions.

We will show in section 4.1 that this minimax game has a global optimum for pg = pdata. We will
then show in section 4.2 that Algorithm 1 optimizes Eq 1, thus obtaining the desired result.

3

Figure 3.9: Adversarial Training Dynamics of a GAN. Obtained from [44]

• Black dotted line (pdata): Underlying data generating distribution of the real data
[44].

• Green solid line (pg): Distribution of the synthetic data created by the Generator
(G) [44].

• Blue dashed line (D(x)): Discriminative distribution (D), indicating the proba-
bility that a sample x comes from the real data [44].

• Upward arrows (z → x): Mapping function x = G(z), showing how the uniform
noise z is projected into the data space x, imposing the non-uniform distribution pg
on the transformed samples [44].

• (a) Near Convergence: The adversarial pair is considered near convergence. The
generated distribution pg is already similar to pdata, and the discriminator D is a
partially accurate classifier [44].
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• (b) Training the Discriminator: In the inner loop of the algorithm, the dis-
criminator is trained to distinguish real samples from fake ones, converging to its
optimal shape [44].

• (c) Training the Generator: After an update to G, the gradient of D has guided
G(z) to flow toward regions that are more likely to be classified as real data, which
is observed by the shifting arrows [44].

• (d) Nash Equilibrium: After several steps of training, the generator perfectly
models the real distribution (pg = pdata). The discriminator is unable to differentiate
between the two distributions, resulting in a constant value of D(x) = 1

2
(a flat blue

line) [44].

The Min-Max Objective Function

The training process is performed simultaneously for both networks in a strictly adver-
sarial manner. The Discriminator is optimized to maximize the probability of correctly
classifying both real and fake—generated—samples. At the same time, the Generator is
optimized to minimize the probability that the Discriminator correctly labels its synthetic
outputs—it effectively tries to maximize the Discriminator’s error rate [8], [44].

This adversarial training process can be mathematically formalized as a min-max opti-
mization problem [44]:

min
G

max
D

V (D,G) = Ex∼pdata(x)[logD(x)] + Ez∼pz(z)[log(1−D(G(z)))] (3.9)

where:

• The first term Ex∼pdata(x)[logD(x)] represents the expected log-likelihood of the Dis-
criminator correctly classifying real samples x. The Discriminator aims to maximize
this term by assigning high probabilities to real data [44].

• The second term Ez∼pz(z)[log(1 − D(G(z)))] represents the expected log-likelihood
of the Discriminator correctly classifying generated samples G(z) as fake. The Gen-
erator aims to minimize this term by producing synthetic samples that the Discrim-
inator incorrectly classifies as real [44].

From Theoretical Equilibrium to Real Instability: Mode Collapse

In a theoretical global equilibrium, this adversarial game converges to a Nash equilibrium—
the Generator perfectly reproduces the target data distribution (pg = pdata), and the Dis-
criminator is left guessing randomly, outputting D(x) = 0.5 for all inputs [44]. However,
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in real optimization scenarios, unconstrained adversarial networks often suffer from train-
ing instabilities [8]. The most critical issue is mode collapse, where the Generator learns
to produce a small subset of the data distribution that consistently fools the Discriminator
and subsequently maps multiple latent vectors to this identical geometric modality [8].
This results in a lack of structural diversity of the target distribution.

3.2.3 Deep Convolutional GAN (DCGAN)

The original GAN architecture proposed by Goodfellow et al. [44] relied on MLPs—
fully connected networks—that were not designed to capture spatial hierarchies. This
strictly limited its capacity to generate high-fidelity topological data and frequently led
to training instabilities, such as mode collapse. To address this, Radford et al. [45]
proposed the DCGAN.

The core of this innovation is the replacement of deterministic spatial pooling functions
and fully connected layers with fully convolutional networks [45]. The Discriminator uses
standard strided convolutions to downsample the input images and extract hierarchical
features, while the Generator uses transposed convolutions—also known as fractionally-
strided convolutions—to upsample a randomized latent vector z into a high-dimensional
spatial matrix, or image [45] (see Figure 3.10).

Figure 3.10: Architecture of a DCGAN (generated with Nano Banana). Adapted from
[45]

Mathematically, while a standard convolution reduces spatial dimensions by computing
a dot product between the kernel and the input, a transposed convolution reverses this
spatial mapping. If the former can be defined as Y = CX, where C is the kernel matrix,
the transposed convolution can be defined as X = CTY [39], [45].
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3.2.4 Conditional Generation and Hybridization (CVAE-GAN)

To address the limitations of isolated generative architectures, Bao et al. [9] proposed
the CVAE-GAN architecture. This hybrid model combines the probabilistic latent space
modeling of the VAE with the sharp adversarial learning mechanism of the DCGAN.
To control the specific morphology of generated samples, this framework consists of four
networks: an Encoder (E), a Generator (G)—acting as the Decoder of the VAE—, a
Discriminator, and a Classifier [9].

The AI-generated figure 3.11 illustrates the overall structure of the CVAE-GAN model.

Figure 3.11: CVAE-GAN Architecture (generated with Nano Banana). Adapted from [9]

While the original CVAE-GAN utilizes a separate Classifier network, recent literature has
evolved to integrate the classification task directly into the discriminator’s architecture.
This technique, known as the Auxiliary Classifier GAN (Auxiliary Classifier GAN (AC-
GAN)), was introduced by Odena et al. [46] and further stabilized by Kang et al. [47].
Instead of a standalone classifier, the ACGAN Discriminator outputs both the probability
of the sample being real or fake and the probability of the sample belonging to a spe-
cific class [46]. This modification allows the model to be trained efficiently end-to-end,
eliminating the need for a separate classifier network while significantly improving overall
generation performance and structural diversity [47].

Conditional Injection and The ACGAN

In this architecture, the Encoder E models a conditional posterior distribution q(z|x, c)
and the Generator G synthesizes the spatial data conditioned on the label as G(z, c)
[9]. The semantic consistency is enforced by the Auxiliary Classifier C that acts as an
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independent network trained to predict the correct class label c of an input image x [9],
[46]. The classification loss is defined as the categorical cross-entropy:

LC = −Ex,c[logP (C(x) = c)]− Ez,c[logP (C(G(z, c)) = c)] (3.10)

Feature Matching Loss

The critical mathematical bridge uniting the VAE and GAN frameworks is the augmen-
tation of the standard pixel-wise reconstruction penalty with a feature matching loss [9].
Unlike comparing only the raw pixel values, both the real image x and the synthetic re-
construction G(z, c) are passed through the convolutional layers of the Discriminator D.
Here, f(x) denotes the activations of these intermediate layers. The Generator is then
optimized to minimize the distance between these abstract spatial representations (L2

Euclidean distance) [9]:

LFM = Ex,z∼q(z|x,c)
[
||f(x)− f(G(z, c))||22

]
(3.11)

The Unified Objective Function

The whole four-network architecture undergoes an asymmetric training process optimized
via a joint objective function [9]. The Encoder E minimizes the KLD (LKL), the Dis-
criminator D maximizes the conditional adversarial log-likelihood (LGAN), the Classifier
C minimizes the categorical cross-entropy (LC), and the Generator G minimizes both
the feature matching distance (LFM) and the classification error (LC) [9]. The overall
objective function can be formalized as follows:

LCV AE−GAN = λ1LKL(E) + λ2LFM(G) + λ3LGAN(G,D) + λ4LC(G,C) (3.12)

where λ1, λ2, λ3, and λ4 are scaling hyperparameters necessary to balance the importance
of the gradients flowing from each distinct network [9]. In particular, balancing λ2—
the topological reconstruction fidelity—against λ3—the adversarial sharpness—is strictly
required. In this unified optimization scheme, the representations extracted from D and
C act as regularizers for G, preventing mode collapse while ensuring that the generated
samples adhere to the real morphological conditions [9].
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3.3 Denoising Diffusion Probabilistic Models (DDPMs)

To address the fundamental limitations of adversarial training—such as mode collapse—
DDPMs were introduced by Ho et al. [11]. These models were inspired by non-equilibrium
thermodynamics and replace adversarial training with a mathematically stable and tractable
likelihood-based framework: a fixed forward process that systematically destroys the data
distribution by adding Gaussian noise and a learned reverse process that restores it [11].

3.3.1 Forward Diffusion Process (Markov Chains)

The forward diffusion process, denoted as q, is a fixed Markov chain that gradually adds
Gaussian noise to an initial real image x0 ∼ q(x0) over T discrete time steps [11]. At each
step t, the transition probability solely depends on the previous state xt−1, mathematically
defined as [11]:

q(xt|xt−1) = N (xt;
√
1− βtxt−1, βtI) (3.13)

where βt ∈ (0, 1) is the noise schedule that controls the amount of variance added at
each step t. Consequently, the total approximate posterior q(x1:T |x0) after T steps is the
product of these conditional transitions [11]:

q(x1:T |x0) =
T∏
t=1

q(xt|xt−1) (3.14)

A crucial property of this Markovian approach is that the distribution of any intermediate
state xt can be directly sampled from the original image x0, without the need to compute
the intermediate steps iteratively [11]. By defining αt = 1 − βt and ᾱt =

∏t
s=1 αs, the

forward process can be expressed in closed form as [11]:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I) (3.15)

This translates to the following sampling procedure:

xt =
√
ᾱtx0 +

√
1− ᾱtϵ (3.16)

where ϵ ∼ N (0, I) is the standard Gaussian noise tensor [11]. As T →∞ and ᾱT → 0, the
distribution of xT converges to a standard isotropic Gaussian distribution N (0, I), ensur-
ing that the signal is completely destroyed [11] (see Figure 3.12. AI-generated illustration
of the deterministic corruption of Gaussian noise).
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Figure 3.12: Forward Diffusion Process (generated with Nano Banana). Adapted from
[11]

3.3.2 Reverse Denoising Process

While the forward process q is deterministic and strictly defined by the variance schedule,
the reverse process requires inference of the intractable posterior distribution q(xt−1|xt).
DDPMs approximate this distribution by deploying a neural network parameterization,
defining a learned Markov chain pθ [11]:

pθ(xt−1|xt) = N (xt−1;µθ(xt, t),Σθ(xt, t)) (3.17)

Rather than predicting the original image x0 directly, Ho et al. [11] demonstrated that
the architecture converges more robustly and achieves better sample quality when tasked
exclusively with predicting the specific noise tensor ϵ injected during the forward process.
By conditioning the tractable forward process posterior on the initial state x0, the pa-
rameterized mean µθ can be redefined as a deterministic function of the network’s noise
prediction ϵθ(xt, t) [11]:

µθ(xt, t) =
1√
αt

(
xt −

1− αt√
1− ᾱt

ϵθ(xt, t)

)
(3.18)

This formulates the generative sampling process: at any arbitrary noisy state xt, a CNN-
based architecture—commonly a U-Net—estimates the residual noise [11]. Lastly, this
reparameterized equation dictates how to subtract this estimation to iteratively obtain
the denoised state xt−1 [11].

The AI-generated figure 3.13 illustrates the reverse denoising process, where the network
learns to iteratively remove noise from a pure Gaussian sample to reconstruct a high-
fidelity image.
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Figure 3.13: Reverse Denoising Process (generated with Nano Banana). Adapted from
[11]

3.3.3 Diffusion Objective Function (Variational Lower Bound)

Training a DDPM involves optimizing the log-likelihood of the training data. Since direct
optimization of the marginal likelihood is analytically intractable, the model optimizes a
Variational Lower Bound (VLB), conceptually similar to the objective of a VAE [11].

According to Ho et al. [11], the complex VLB objective can be significantly simplified.
Since the forward process q is deterministic and the reverse process pθ is parameterized
to predict the noise tensor ϵ, the probabilistic objective reduces to minimizing the MSE
between the true noise ϵ and the network’s prediction ϵθ [11]. This is mathematically
defined as follows:

Lsimple = Et,x0,ϵ∼N (0,I)

[
||ϵ− ϵθ(xt, t)||22

]
(3.19)

where xt is the noisy state computed from x0 and ϵ using the closed-form forward sampling
process. By minimizing this unweighted L2 loss, the U-Net learns to reverse the Markov
chain by uniformly sampling the time steps t to obtain the global denoising gradients
[11]. Furthermore, discarding the weighting of the original variational bound naturally
down-weights the loss terms corresponding to small t, allowing the network to focus on
the more difficult denoising tasks at larger time steps, which ultimately leads to better
sample quality [11].

3.4 Latent Diffusion Models (LDMs) and Stable Diffu-
sion (SD)

Standard DDPMs successfully generate high-fidelity images, processing both the forward
and reverse Markov chains directly in the high-dimensional pixel space. However, this
approach is computationally expensive and causes heavily bottlenecked training and in-
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ference [10]. To address the dimensionality constraint, Rombach et al. [10] proposed the
LDMs, which perform the diffusion process in a highly compressed latent space.

3.4.1 Perceptual Image Compression (The VAE connection)

Instead of applying noise to raw pixels, LDMs utilize a pre-trained VAE backbone. An
Encoder E compresses the input image x into a dense, continuous latent representation
z = E(x) [10]. After the diffusion process, a Decoder D reconstructs the image from the
latent space back to the pixel space x̃ = D(z) [10].

3.4.2 Latent Space Denoising via U-Net

By isolating the diffusion process to the compressed latent space Z, the U-Net architecture
ϵθ operates on significantly smaller spatial dimensions, increasing the computational effi-
ciency while still capturing the topological fidelity [10]. The simplified training objective
is defined as:

LLDM := EE(x),y,ϵ∼N (0,1),t

[
||ϵ− ϵθ(zt, t, τθ(y))||22

]
(3.20)

3.4.3 Cross-Attention Mechanism and Semantic Conditioning

A crucial characteristic of the SD architecture is the integration of a robust conditioning
mechanism, which steers the explicit morphology of the generated samples [10]. The
condition y is pre-processed by a domain-specific encoder τθ(y)—–most notably, the CLIP
model [24] for semantic text-to-image mapping—–and injected directly into the U-Net’s
intermediate layers through a cross-attention mechanism [10].

The attention operation relies on mapping the flattened latent features into three distinct
representations: queries Q, keys K, and values V . The attention output is computed as a
weighted sum of the values, where the weights are determined by the similarity between
the queries and keys [10], [25]:

Attention(Q,K, V ) = softmax
(
QKT

√
d

)
V (3.21)

where d is the dimensionality of the key vectors. This mechanism allows the model to
mathematically fuse the latent spatial features with the semantic information at multiple
levels of the architecture. With this, LDMs guarantee that the reverse denoising pro-
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cess is explicitly guided by designated class features or text prompts, providing a highly
controllable generative framework [10].

The AI-generated figure 3.14 illustrates the stable diffusion architecture, where all the
elements—Encoder, U-Net, cross-attention, and Decoder—are integrated to perform the
latent diffusion process [10].

Figure 3.14: Stable Diffusion Architecture (generated with Nano Banana). Adapted from
[10]

3.5 Advanced Spatial and Textural Conditioning

Base LDMs architectures natively support semantic guidance through cross-attention;
however, synthesizing explicit spatial structures—such as manufacturing defects—requires
architectural improvements. To enforce deterministic spatial controls and adapt the pre-
trained model to highly specific high-frequency details without catastrophic forgetting,
the base LDM architecture must be augmented with additional techniques.

3.5.1 ControlNet Architecture

To achieve pixel-level control over the generated output, Zhang et al. [12] proposed the
ControlNet architecture. This framework extends conditioning capabilities by explicitly
freezing the pre-trained diffusion weights (Θlocked) and enabling a trainable copy of the
same architecture (Θtrainable) to learn task-dependent spatial conditions cf (e.g., edge
maps) [12].
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The trainable outputs are injected into the base model using “zero convolutions” (Z)—
layers initialized with zero weights and biases to preserve the original generative distri-
bution at the onset of training [12]. The augmented output yc for a neural block F with
input x is defined as follows:

yc = F(x; Θlocked) + Zout(Fc(x+ Zin(cf ); Θtrainable)) (3.22)

Minimizing the standard LDM objective with this vector allows the framework to simul-
taneously follow the semantic prompts and conform to rigid spatial morphologies.

The AI-generated figure 3.15 illustrates the ControlNet architecture, where the trainable
branch learns to extract spatial conditions and injects them into the frozen base model
through zero convolutions [12].

Figure 3.15: ControlNet Architecture (generated with Nano Banana). Adapted from [12]

3.5.2 Low-Rank Adaptation (LoRA)

Adapting the pre-trained feature distribution of a base LDM to the specific high-frequency
details of the target morphology requires a full model fine-tuning, which is computationally
prohibitive. To tackle this issue, Hu et al. [13] introduced LoRA, a Parameter-Efficient
Fine-Tuning (PEFT) technique.

LoRA proposes that the weight updates during domain adaptation possess a low intrinsic
rank [13]. Instead of updating the full pre-trained weight matrix W0 ∈ Rd×k, LoRA freezes
W0 and injects a trainable low-rank decomposition matrix ∆W = BA where B ∈ Rd×r

and A ∈ Rr×k with r ≪ min(d, k) [13]. The adapted weight matrix is then defined as
follows:
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h = W0x+∆Wx = W0x+BAx (3.23)

Injected predominantly into the cross-attention layers of the U-Net, matrix A is initialized
with a random Gaussian distribution, while B is initialized with zeros to preserve the
property ∆W = 0 at initialization [13]. This allows the model to efficiently learn the
textural distributions using a minimal fraction of the trainable parameters.

3.6 Quantitative Evaluation Metrics

To objectively evaluate the fidelity, diversity, and perceptual quality of the generated
images, traditional pixel-wise metrics—such as MSE—are insufficient, as they often fail
to correlate with human visual perception [22]. Therefore, more sophisticated metrics
that capture the underlying feature distributions and perceptual similarities are required.

3.6.1 Fréchet Inception Distance (FID)

The FID is a widely used standard for evaluating the overall quality and diversity of gen-
erated image distributions. Instead of comparing images at the pixel level, FID compares
the statistics of deep feature representations extracted from a pre-trained Inception-v3
classifier [21].

By utilizing the coding layer of the Inception model, FID assumes that the extracted
vision-relevant features of both the real and generated distributions follow a multidimen-
sional Gaussian distribution [21]. The metric then calculates the Fréchet distance—also
known as the Wasserstein-2 distance—between these two distributions, which are charac-
terized by their mean and covariance matrices [21]:

FID = ||µr − µg||22 + Tr
(
Σr + Σg − 2(ΣrΣg)

1/2
)

(3.24)

where || · ||22 denotes the squared Euclidean distance—or squared L2 norm—between the
mean feature vectors µr and µg of the real and generated distributions, respectively.
Tr(·) denotes the trace of the matrix. A lower FID score indicates that the generated
distribution more closely matches the real distribution, implying a higher quality and
diversity of the generated images [21].
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3.6.2 Learned Perceptual Image Patch Similarity (LPIPS)

While FID evaluates the macroscopic distribution similarity, the LPIPS metric quanti-
fies the perceptual distance between two individual images. Introduced by Zhang et al.
[22], LPIPS addresses the limitations of traditional pixel-wise metrics by aligning the
mathematical distance with human perceptual judgments.

LPIPS leverages the internal activations of pre-trained CNNs—such as AlexNet, VGG, or
SqueezeNet [22]. For a given pair of images—a reference patch x and a generated patch
x0—feature maps are extracted from multiple layers of the network and unit-normalized in
the channel dimension, denoted as ŷl and ŷl0 for layer l [22]. The distance is then computed
as a weighted sum of the squared L2 distances between these normalized feature maps
across all layers [22]:

d(x, x0) =
∑
l

1

HlWl

∑
h,w

||wl ⊙ (ŷlhw − ŷl0hw)||22 (3.25)

where ⊙ denotes element-wise multiplication and wl represents a layer-specific scaling
vector. By mathematically computing the distance in a hierarchical deep feature space
rather than a flattened pixel space, LPIPS robustly captures nuanced structural and tex-
tural similarities. A lower LPIPS score signifies a higher perceptual resemblance between
the synthesized topology and the reference condition, effectively mirroring human visual
perception [22].
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4. METHODICAL DEVELOPMENT
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This chapter details the experimental methodology and implementation strategies em-
ployed to validate the proposed hypothesis in this work. Building upon the theoretical
and mathematical foundations established in the previous chapter, the following sections
provide a comprehensive and replicable framework of the generative benchmark.

4.1 Dataset Preparation and Preprocessing

4.1.1 Data Acquisition

The experimental validation of the proposed generative frameworks relies on the casting
product image data for quality inspection dataset [14], which focuses on submersible pump
impeller manufactured by casting. The data consist of high-resolution Red, Green, Blue
(RGB), top-down industrial inspection images of the impeller, which consist of a circular
metallic structure (see Figure 4.1). The dataset is divided into two classes:

• ok_front: Representing flawless impeller samples that passes quality control. These
images serve as the reference distribution for the non-defective class (see Figure
4.1a).

• def_front: Representing rejected impeller samples that exhibit blow holes, pin-
holes, burr, shrinkage defects, mould material defects, pouring metal defects, met-
allurgical defects among other manufacturing anomalies. These images serve as the
reference distribution for the defective class (see Figure 4.1b).

(a) "ok-front" Impeller Sample (b) "def-front" Impeller Sample

Figure 4.1: Representative samples of casting product dataset. Obtained from [14].

57



4.1.2 Pipeline Transformations

To satisfy the distinct numerical and structural input requirements of the adversarial
and diffusion architectures, two specialized preprocessing pipelines were implemented,
enforcing spatial standardization while diverging in their normalization strategies.

1. Adversarial Standardization: Input images are scaled using a sequential trans-
formation optimized via torchvision.transforms, applying a resize operation that
enforces a fixed spatial resolution of 256 × 256 pixels. Subsequently, to properly
align the empirical pixel distribution with the generator’s analytical constraints, a
normalization transform scales the tensors using a mean of 0.5 and a standard devi-
ation of 0.5 across all RGB channels, mapping the pixel intensities from the original
[0, 1] range to a symmetrical [−1, 1] domain to match a Hyperbolic Tangent (Tanh)
activation function.

2. Geometric Conditioning Extraction: For the LDM pipeline, a secondary trans-
formation flow was developed to extract rigid structural boundaries. This path
applies the Canny edge detection algorithm directly to the nominal images. The
resulting edge maps are converted to tensors and strictly maintained within a [0, 1]
range, bypassing the [−1, 1] scaling to serve as raw spatial priors for the ControlNet
conditioning layers (see Figure 4.2).

(a) "ok-front" Canny Edge Map (b) "def-front" Canny Edge Map

Figure 4.2: Canny edge maps of casting product dataset.

3. Multimodal Tokenization: To enable semantic steering inside the diffusion U-
Net, descriptive textual prompts are processed via the pretrained CLIP tokenizer.
These prompts utilize a specialized identifier template, formalized as “photo of
SKS_PART, top-down industrial inspection, circular machined component, flat grey
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ferrous material, [condition]”, where the placeholder is dynamically substituted by
class-specific descriptors (e.g., “flawless smooth surface, QC passed” for nominal
components or “severe porosity defect, surface blowholes and cavities, QC failed”
for anomalies). Truncation and maximum padding are automatically enforced to
output a static shape of 77× 768 tokens, ensuring exact structural alignment with
the text encoder’s cross-attention projection matrices.

4.2 Hardware and Software Environment

4.2.1 Computational Infrastructure

The computational intensive execution of the training processes and the synthesis of data
were performed using a local high-performance workstation optimized for DL workflows.
The primary acceleration hardware utilized was an NVIDIA® GeForce™ RTX 5080. This
consumer-grade GPU was critical for managing the high-dimensional tensor operations
and parallel processing demands inherent to both the adversarial and diffusion architec-
tures.

The main specifications of the computational infrastructure are summarized in Table 4.1:

Processor: Intel® Core™ i9-14900K CPU @ 3.20GHz
RAM Memory: 64 GB DDR5
GPU: NVIDIA® GeForce™ RTX 5080
GPU Memory: 16 GB GDDR7
Operating System: Windows 11 Pro
System Architecture: x86-64
GPU Architecture: Blackwell
Driver Version: 595.79
CUDA Version: 13.2

Table 4.1: Computational Infrastructure Specifications

4.2.2 Software Stack

The development, training, and tracking infrastructure were built entirely upon a spe-
cialized Python-based open-source ecosystem. The core tensor operations, automatic
differentiation graphs and low-level architectural abstractions were handled by PyTorch.

The software dependencies are structured as follows:

• Adversarial Baseline Framework: Implemented using native PyTorch modules
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(torch.nn), utilizing torchvision transforms for standard tensor operations and
mathematical weight initializations.

• Diffusion Pipeline Ecosystem: Leveraging the Hugging Face ecosystem, the
diffusers library was utilized to initialize the pretrained SD v1.5 foundational
components, the DDPMScheduler noise mechanics, and the pre-trained Canny Con-
trolNet layers. The textual tokenization and prompt encoding hidden states were
extracted using the Hugging Face transformers library.

• Parameter-Efficient Adapters: The injection of LoRA matrices into the U-Net’s
attention projection pathways was managed exclusively via the PEFT library, wrap-
ping the target layers without disrupting the frozen weights of the base model.

• Experiment Tracking and Logging: Hyperparameter documentation, step-wise
training losses, epoch averages, and temporary validation artifacts were managed us-
ing MLflow. This setup enabled monitoring of the optimization curves and provided
systematic storage for the synthesized validation checkpoints.

4.3 Baseline Model Implementation AC-CVAE-GAN

4.3.1 Architectural Setup

The adversarial baseline architecture is designed to enforce categorical control over the
generated image topologies. This framework combines a continuous variational latent
space with an Auxiliary Classifier (AC). While traditional CVAE-GAN formulations are
composed of four independent networks [9], the custom architecture developed in this work
optimizes computational efficiency by integrating the AC mechanism from the ACGAN
framework [46] (see Figure 4.3). The resulting unified model—denoted as AC-CVAE-
GAN—can be categorized into four logical sub-networks:
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Figure 4.3: Baseline Architecture: AC-CVAE-GAN.

Encoder

The encoder network utilizes a truncated, non-pretrained GoogLeNet backbone. The
structural hierarchy is sliced to isolate the primary feature extractor, completely discard-
ing the final classification layers. This design extracts a 1024-dimensional feature vector
from the standardized 256× 256 image.

This vector is passed to a dense linear layer that compresses the representations down
to 512 dimensions under a ReLU activation function. Finally, two parallel linear layers
project these representations into the mean (µ) and logarithm of variance (log σ2) vectors
of the 128-dimensional latent space.

In the figure 4.4, the baseline encoder architecture is detailed.
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Figure 4.4: Baseline Encoder Architecture.

Decoder (Generator)

The decoder instantiates a deep spatial conditioning mechanism. The 2-element one-hot
categorical label is projected via dense embedding layer to a 64-dimensional continu-
ous vector and concatenated with the 128-dimensional latent sample, forming a 192-
dimensional input vector. Two sequential dense layers map this vector from 192 to 1024,
and subsequently to 8,192 features, which are unflattened into a spatial feature map of
512× 4× 4.

To prevent the network from losing class conditioning in deeper layers, the original label
(c) is spatially expanded to a 2 × 4 × 4 tensor and concatenated along the channel axis.
The upsampling trajectory consists of six transposed convolutional layers. Custom ResNet
block modules are interspersed after the first five upsampling operations to redefine high-
frequency casting textures.

The final layer maps directly to a Tanh activation function without normalization.

In the figure 4.5, the baseline decoder architecture is detailed.

62



3x256x256

Generated Image
64x128x128

92x64x64
128x32x32

Label Embedding

Spatial Expansion
c

(2D)

z

128D

19
2D

10
24

D

81
92

D
512x4x4

64D

2 x 4 x 4

256x8x8

256x16x16

514x4x4

ResNet

ResNet

ResNet

ResNet

ResNet

Figure 4.5: Baseline Decoder Architecture.

Discriminator

Acting as the adversarial evaluator, the discriminator uses a five-layer convolutional fea-
ture extractor. Layers 1 through 5 implement a 4×4 kernel, a stride of 2 and a padding of
1, scaling channels sequentially from 3 up to 1024, LeakyReLU functions with a negative
slope of 0.2 and 2D batch normalization are applied after each convolutional layer.

The specific discriminative branch culminates in a convolutional layer that outputs a
binary real/fake classification, producing a single scalar via global pooling.

The figure 4.6 shows the baseline discriminator architecture.

Auxiliary Classifier

Rather than operating as an isolated network, this classifier shares the deep convolutional
feature extractor of the Discriminator. From the final 1024-dimensional feature map, it
diverges into a parallel convolutional branch that outputs a 2-element logit vector mapping
to the categorical dataset labels, effectively guiding the generator towards producing class-
correct samples—defective or good parts.
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The figure 4.6 shows the baseline auxiliary classifier architecture.
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Figure 4.6: Baseline Discriminator and Auxiliary Classifier Architecture.

4.3.2 Training Protocol

The training of the AC-CVAE-GAN Baseline framework consists of a highly stabilized
joint optimization process, designed to balance the variational inference of the Encoder
with the adversarial min-max game of the Generator and Discriminator. To prevent early
stage instability, the training is explicitly divided into a Variational Warmup Phase and
the Adversarial Equilibrium Phase.

The training algorithm is summarized in Algorithm1.

Objective Function

The global optimization relies on a composite loss function. An important architectural
choice of this implementation is the replacement of a standard generator adversarial loss
with a Feature Matching criterion to mitigate mode collapse.

For the Discriminator and Classifier (D,C), the objective is to correctly classify real im-
ages and predict their corresponding labels. To prevent the Discriminator from becoming
overconfident, one-side label smoothing is applied (real labels ∼ U(0.9, 1.0), fake labels
∼ U(0.0, 0.1)), along with decaying instance noise added to the input images. The loss
formulation is defined as:
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LD,C =
1

2

(
Lreal

Adv_D + Lfake
Adv_D

)
+ λauxLAux_D (4.1)

Where LAdv_D calculates the binary classification error, and LAux_D evaluates the cat-
egorical cross-entropy of the defect classification. The auxiliary weight is maintained at
λaux = 1.0.

For the Encoder and Generator (E,G), the composite loss relies on strictly structural
reconstruction, latent regularization, feature distribution matching, and auxiliary classi-
fication. The loss is defined as:

LE,G =
1

16
LRecon + βannealLKL + γLFeat + λauxLAux_G (4.2)

Where LRecon is the spatial MSE (L2 distance) scaled down by a factor of 16 to compensate
for the 256×256 high-resolution pixel increment. LKL represents the KLD. Crucially, the
standard adversarial loss is replaced by LFeat, a Feature Matching loss computed via the
Mean Absolute Error (MAE) (L1 norm) between the intermediate feature maps of the
Discriminator for real and generated images, weighted by γ.

Loss Optimization

The optimization is performed using the Adam optimizer with alternating gradient up-
dates, following a phased training loop. To maintain a stable min-max equilibrium, the
learning rates are paired with momentum parameters β1 = 0.5 and β2 = 0.9999, alongside
an explicit L2 weight decay penalty across all subnetworks to prevent overfitting.

• Phase 1: CVAE Warmup. During the initial warmup epochs, the Discrim-
inator’s gradient updates are disabled. The Encoder and Generator are trained
exclusively on LRecon and LKL to establish a mathematically consistent latent space
and elemental structural synthesis before the adversarial dynamics begin.

• Phase 2: GAN Enabling. Once the warmup finishes, the adversarial feature
matching (γLFeat) and auxiliary losses are enabled.

• KL Annealing. The weight of the KL divergence is dynamically scaled using
a linear annealing schedule to avoid posterior collapse. The weight starts at 0
and gradually increases to a target value β along the warmup phase (βanneal =
β ·min(1.0, epoch/warmup_epochs))

During the GAN phase, the Generator is evaluated and its losses are computed with a
frozen Discriminator. Furthermore, the Discriminator’s weights are unfrozen, it evaluates
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noisy versions of real and generated samples, computes LD,C , and performs gradient back-
propagation to update its weights. This controlled process prevents vanishing gradients
and ensures the reliable generation of synthetic defect images.
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Training Algorithm

Algorithm 1 AC-CVAE-GAN Training Protocol

Require: Training dataset D = {x(i), y(i)}Ni=1

Require: Hyperparameters: Total epochs E, Warmup epochs W , Batch size B
Require: Opt. params: Learning rates αG, αD, Weight decay λL2, Loss weights β, γ, λaux

Ensure: Optimized network parameters θ∗E,G and θ∗D
1: Initialize θE, θG, θD with N (0, 0.02)
2: Initialize Adam Optimizers with decoupled L2 penalty (λL2)
3: for e = 1 to E do
4: βanneal ← β ·min(1.0, e

W
) ▷ KL divergence annealing

5: σnoise ← 0.1 ·max(0, 1.0− e
E·0.5) ▷ Decaying instance noise

6: for each mini-batch (x, c) ∼ D do
7: Encode label c into one-hot format
8: — Phase 1: Encoder/Generator Update —
9: µ, σ ← E(x) ▷ Blind/Unconditional feature extraction

10: Sample latent vector z = µ+ σ ⊙ ϵ, where ϵ ∼ N (0, I)
11: Generate synthesized image x̃← G(z, c) ▷ Conditional synthesis
12: Compute Reconstruction Loss: LRecon ← MSE(x̃, x)
13: Compute KL Divergence: LKL ← DKL(N (µ, σ2) ∥ N (0, I))
14: Initialize LFeat ← 0, LAux_G ← 0
15: if e ≥W then ▷ Adversarial Phase Active
16: Extract intermediate features: freal ← Dfeat(x), ffake ← Dfeat(x̃)
17: Compute Feature Matching Loss: LFeat ← L1(ffake, freal)
18: Compute Generator Auxiliary Loss: LAux_G ← CrossEntropy(Dcls(x̃), c)
19: end if
20: LE,G ← 1

16
LRecon + βannealLKL + γLFeat + λauxLAux_G

21: Update parameters: θE,G ← θE,G − αG∇θE,G
LE,G

22: — Phase 2: Discriminator Update —
23: if e ≥W then
24: Apply instance noise: xnoisy ← x+N (0, σ2

noise), x̃noisy ← x̃+N (0, σ2
noise)

25: Assign smoothed labels: yreal ∼ U(0.9, 1.0), yfake ∼ U(0.0, 0.1)
26: Evaluate real samples: preal_rf , preal_cls ← D(xnoisy)
27: Evaluate fake samples: pfake_rf , pfake_cls ← D(x̃noisy)
28: Compute Adversarial Loss: LAdv_D ←

1
2

[
BCE(preal_rf , yreal) + BCE(pfake_rf , yfake)

]
29: Compute Auxiliary Loss: LAux_D ← 1

2

[
CE(preal_cls, c) + CE(pfake_cls, c)

]
30: LD,C ← LAdv_D + λauxLAux_D

31: Update parameters: θD ← θD − αD∇θDLD,C

32: end if
33: end for
34: end for
35: return θE, θG, θD
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4.4 Diffusion Model Implementation: SD-LoRA-ControlNet

Unlike the adversarial approach described in the previous section, the implementation of
the LDM proposed in this work leverages a pre-trained foundational architecture. This
section outlines the implementation and fine-tuning and optimization of the SD v1.5
framework, augmented with LoRA and structural conditioning via ControlNet.

4.4.1 Architectural Adaptation and Dual Conditioning

This approach leverages a pre-trained Autoencoder (VAE) and a U-Net backbone, adapt-
ing their vast prior knowledge to the specific domain of the industrial casting defects.

To manage computational constraints and ensure high-fidelity synthesis, the architectural
pipeline is divided into a frozen feature extraction backbone and a trainable conditioning
mechanism. The input RGB images (256×256×3) are first compressed by the pretrained
AutoencoderKL into a lower-dimensional latent space. Both, the VAE and the U-Net
layers are frozen during training to prevent catastrophic forgetting of the general image
structures.

To synthesize structurally accurate industrial parts, the generation process requires strict
control over both, the surface texture and the geometric shape. To achieve this, a Dual
Conditioning approach is implemented:

1. Semantic Textural Conditioning (Texture): The morphological characteristics
of the casting components (e.g., severe porosity or burrs) are captured using a frozen
CLIP text encoder. These natural language prompts are transformed into dense
continuous embeddings injected into the U-Net via cross-attention layers.

2. Geometric Spatial Conditioning (Shape): In industrial quality control, the
macroscopic geometry of a manufactured part remains constant. To prevent the
diffusion model from modifying the circular shape or the structural boundaries of
the component, a ControlNet adapter is integrated into the pipeline Before the
generation, a Canny Edge detection map is extracted from the original casting
image. The ControlNet process this edge map and injects spatial residuals into the
U-Net’s decoder.

This dual mechanism ensures that the semantic prompts solely dictate the generation of
the defects, while ControlNet rigidly preserves the macroscopic geometry of the inspected
parts. The figure 4.8 illustrates the complete pipeline of the fine-tuning process.
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4.4.2 Parameter-Efficient Fine-Tuning (PEFT) via LoRA

The adaptation of foundational diffusion models to specific industrial domains presents a
severe computational challenge. Fully fine-tuning the U-Net backbone of SD v1.5 requires
updating approximately 861 million parameters. Demanding computational requirements
and prohibitive Video Random Access Memory (VRAM) allocation are not the sole chal-
lenges; this approach can also lead to catastrophic forgetting, where the model forgets its
general image generation capabilities [13].

To circumvent these challenges, this work implements PEFT via LoRA. The mathematical
foundation of LoRA relies on the hypothesis that the parameter updates (∆W ) during do-
main adaptation occupy a low-rank subspace with a significantly lower intrinsic dimension
than the original weight matrix (W0) [13].

For a pre-trained weight matrix W0 ∈ Rd×k within the U-Net’s attention layers, the full
gradient update is bypassed. Instead, the update matrix ∆W is decomposed into the
product of two low-rank matrices, B ∈ Rd×r and A ∈ Rr×k [13]:

W = W0 +∆W = W0 +
αLoRA

r
BA (4.3)

where the rank r is tightly constrained such that r ≪ min(d, k) [13]. During the forward
pass, the input x is multiplied in parallel by the frozen pre-trained weights and the low-
rank adapters; consequently, the modified activation is given by [13]:

h = W0x+∆Wx = W0x+
αLoRA

r
BAx (4.4)

In this implementation, the rank is set to r = 8 and the scaling factor to αLoRA = 16.
The matrices are initialized utilizing a random Gaussian distribution for A and zeros for
B, ensuring that ∆W = 0 initially to preserve the prior knowledge of the model [13].

LoRA adapters are injected into the cross-attention layers of the U-Net backbone—
specifically into the query, key, value, and output projection matrices [13]. By restricting
backpropagation exclusively to these low-rank adapters—while keeping the VAE, CLIP,
ControlNet, and the rest of the U-Net strictly frozen—the number of trainable parameters
is drastically reduced from 861,115,332 to 1,594,368. This results in an optimization of
only 0.1852% of the entire network, enabling the localized high-frequency texture synthesis
of severe casting defects on standard consumer GPU hardware.

The figure 4.7 illustrates the LoRA architecture used in this work.
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Figure 4.7: Low-Rank Adaptation (LoRA) Architecture.

4.4.3 Training Protocol

The training loop for the LoRA-adapted LDM was designed to optimize the injected
attention matrices over E = 50 epochs. The optimization relies on a DDPM scheduler
to control the forward noise injection—diffusion process—and guide the reverse denoising
predictions. The protocol strictly adheres to the following computational sequence for
each mini-batch of 8 images:

1. Latent Encoding and Forward Diffusion

The input RGB images (256×256×3 normalized to [−1, 1]) are compressed by the frozen
VAE’s Encoder into latent representations. These latents are multiplied by the VAE’s
intrinsic scaling factor to ensure a unit variance distribution, a mathematical prerequisite
for the diffusion process. Subsequently, a noise tensor ϵ ∼ N (0, I) is sampled and added
to the scaled latents based on a randomly selected timestep t producing the noisy latent
zt. In parallel, the descriptive text prompts are tokenized and processed by the frozen
CLIP text Encoder to generate semantic embeddings (ctext).
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2. Dual Conditioned Forward Pass

The forward pass is divided to accommodate the dual conditioning strategy. First, the
frozen ControlNet receives the noisy latents zt, the timestep t, the semantic text embed-
dings ctext, and the corresponding Canny edge map (ccanny normalized to [0, 1]). Control-
Net processes the spatial features and outputs a set of intermediate residuals.

The U-Net evaluates the exact same noisy latents zt, timestep t and the semantic embed-
dings ctext immediately after. However, the internal activations are dynamically altered
by the trainable LoRA matrices in its cross-attention layers and the spatial residuals in-
jected from the ControlNet. The U-Net is guided by these combined conditions to yield
a prediction of the original noise tensor, denoted as ϵθ(zt, t, ctext, ccanny).

3. Loss Computational and Gradient Update

The objective function is defined as the MSE between the Gaussian noise ϵ added during
the forward diffusion process and the predicted noise ϵθ generated by the U-Net:

LLDM = Ez0,ϵ,t,ctext,ccanny

[
∥ϵ− ϵθ(zt, t, ctext, ccanny)∥22

]
(4.5)

The calculated loss is backpropagated through the parameter-efficient LoRA matrices
only. The optimization is carried out with the AdamW optimizer with a decoupled weight
decay mechanism and static learning rate of 1× 10−4.

Periodic Validation Synthesis

To visually validate the synthesis quality and ensure the model was not overfitting the
noise distribution at the expense of structural accuracy, a validation pipeline was executed
every 5 epochs. The training gradients were temporarily detached, and the updated U-
Net was coupled with the frozen VAE Decoder. Using a static geometric Canny edge
map and fixed defect prompt, the Reverse Markov Chain denoising process was initiated
for 20 inference steps with a Classifier-Free Guidance (CFG) scale of 7.5. This allowed
continuous visual verification of the texture generation against the structural boundaries.

In the figure 4.8 can be observed the training and validation pipelines.
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4.4.4 Training Algorithm

Algorithm 2 SD-LoRA-ControlNet Training Protocol

Require: Training dataset D = {(x(i), c
(i)
canny, c

(i)
text)}Ni=1

Require: Base Models (Frozen): VAE Encoder EV AE, VAE Decoder DV AE, CLIP Etext,
ControlNet Cnet

Require: Base Model (Trainable): U-Net ϵθ
Require: Hyperparameters: Total epochs E = 50, Batch size B = 8, Learning rate

η = 1× 10−4

Require: DDPM Scheduler with noise timestep T , VAE scaling factor sV AE

Require: Validation frequency Vfreq = 5, Validation steps Sval = 20, CFG scale ω = 7.5
1: Initialization:
2: Freeze parameters of EV AE, DV AE, Etext, Cnet

3: Inject LoRA matrices (A,B) with rank r = 8 into ϵθ cross-attention layers (to_q,
to_k, to_v, to_out.0)

4: Initialize AdamW optimizer with η for LoRA parameters only
5: for epoch = 1, 2, . . . , E do
6: for mini-batch (x, ccanny, ctext) ⊂ D do
7: // 1. Latent Encoding
8: z0 ← EV AE(x)× sV AE ▷ Compress and scale RGB image
9: etext ← Etext(ctext) ▷ Extract CLIP text embeddings

10: // 2. Forward Diffusion (Noise Injection)
11: Sample noise ϵ ∼ N (0, I)
12: Sample timestep t ∼ Uniform(1, T )
13: zt ← AddNoise(z0, ϵ, t) ▷ Apply DDPM forward Markov chain
14: // 3. Dual Conditioned Forward Pass
15: Rdown, Rmid ← Cnet(zt, t, etext, ccanny) ▷ Extract geometric residuals
16: ϵ̂← ϵθ(zt, t, etext, Rdown, Rmid) ▷ Predict noise via LoRA-adapted U-Net
17: // 4. Loss Computation and Optimization
18: LMSE ← 1

B

∑B
j=1 ||ϵ(j) − ϵ̂(j)||22

19: ∇LMSE ← Backpropagate exclusively through LoRA matrices
20: Update LoRA weights using AdamW optimizer
21: end for
22: // 5. Periodic Validation Synthesis
23: if epoch (mod Vfreq) == 0 or epoch == E then
24: Load fixed validation variables: cvalcanny, cvaltext, zT ∼ N (0, I)
25: for t = T, T − 1, . . . , 1 in Sval steps do ▷ Reverse Markov Chain
26: ϵ̂← ϵθ(zt, t, e

val
text, Cnet(zt, t, e

val
text, c

val
canny))

27: Apply Classifier-Free Guidance with scale ω = 7.5
28: zt−1 ← DenoiseStep(zt, ϵ̂, t)
29: end for
30: xgen ← DV AE(z0/sV AE) ▷ Decode to RGB space
31: end if
32: end for
33: return Optimized LoRA weights for ϵθ
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4.5 Evaluation Metrics and Validation Protocol

The validation framework for assessing the generative models (AC-CVAE-GAN and SD-
LoRA-ControlNet) was designed to ensure a robust and reproducible evaluation, relying
on the established metrics FID and LPIPS. This assessment measured both the distribu-
tional fidelity and the perceptual high-frequency realism of the generated casting defects
against the real industrial distribution. The validation pipeline was executed under the
following protocol:

1. Data Standardization: To establish the real distribution, the images from the
original casting dataset (ok_front and def_front) were resized from their original
512× 512 resolution to 256× 256 pixels serving as the statistical ground truth.

2. Mass Generation Strategy: To ensure a statistically robust evaluation and avoid
rank-deficient covariance matrices during FID calculation, a mass generation target
was set to N = 1000 synthetic images per class for both the CVAE-GAN and SD
architectures.

3. Iterative Generation: Since the number of available real images (and their derived
Canny maps) was lower than the generation target, an iterative cycling strategy was
adopted. The generation process cycled through the available real reference images;
however, for every repetition a unique stochastic seed was used to generate a unique
synthetic instance resulting in unique high-frequency textures ensuring statistical
diversity.

4. Metric Computation: The evaluations were performed using the torchmetrics
library. The FID was calculated extracting the 2048-dimensional feature vectors
from the final pooling layer of a pre-trained Inception-V3 network. On the other
hand, the LPIPS was calculated utilizing the activations of the VGG16 network to
evaluate the textural coherence of the high-frequency details.

4.6 Code and Data Availability

To ensure the reproducibility of the experiments presented in this thesis, the complete
implementation, including the generative architectures and data pipelines, has been made
open-source. The source code, pre-trained weights, and detailed instructions are hosted
in the official GitHub repositories, which can be accessed at:

• https://github.com/StevoAngel/CVAE-GAN-For-Defect-Synthesis

• https://github.com/StevoAngel/Stable-Diffusion-For-Defect-Synthesis
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5. RESULTS AND DISCUSSION
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5.1 Results

5.1.1 Quantitative Evaluation

This section presents the quantitative results of the AC-CVAE-GAN and the LDM (SD-
LoRA-ControlNet) architectures. The models were evaluated using the FID to measure
the distributional fidelity and the LPIPS to evaluate the structural and perceptual co-
herence. This evaluation was conducted on a generated sample size of 1,000 images per
class (ok_front and def_front), compared against the real dataset to ensure statistical
stability.

The quantitative results are summarized in table 5.1.

Table 5.1: Quantitative performance metrics of the generative architectures.

Architecture Generation Class FID (↓) LPIPS (↓)
AC-CVAE-GAN OK 209.36 0.4619
AC-CVAE-GAN Defect 180.72 0.4671
SD-LoRA-ControlNet OK 67.65 0.2590
SD-LoRA-ControlNet Defect 96.17 0.4322

AC-CVAE-GAN Performance

The adversarial model obtained an FID score of 209.36 for the nominal class and 180.72 for
the defect class. Quantitatively, the architecture achieved a lower (better) distributional
distance when generating defective parts compared to nominal (flawless) geometries. In
terms of perceptual similarity, the LPIPS scores remained consistent across both genera-
tive tasks, scoring 0.4619 for nominal and 0.4671 for the defect class.

SD-LoRA-ControlNet Performance

The LDM architecture achieved a contrasting numerical behaviour. The flawless class ob-
tained an FID score of 67.65 alongside the lowest LPIPS score in the experiment (0.2590).
For the defective class, the FID metric achieved a slight degradation to 96.17, while the
LPIPS score experienced a more significant degradation to 0.4322.

Overall, the diffusion-based model outperformed the adversarial model registering strictly
lower FID scores across both classes, establishing a new quantitative threshold for the
dataset.
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5.1.2 Qualitative Generation Outcomes

This section presents a visual inspection of the synthesized images from both generative
architectures.

AC-CVAE-GAN Visual Assessment

Visual inspection of the AC-CVAE-GAN synthesized images reveals significant limitations
in synthesizing high-frequency details. For the defect-conditioned class, the model strug-
gled to generate distinct defect artifacts—such as porosity. The majority of these images
presented severe blurriness, geometric deformations, and in general, a lack of structural
definition.

On the other hand, images belonging the nominal class (OK) showed a notable improve-
ment in visual quality and definition. However, blur artifacts and malformations remained
present. Furthermore, visual analysis revealed that an apparent randomness or class en-
tanglement, since several defect-conditioned images lacked anomalies, while some nominal
images presented malformations. Despite this mixing, the overall trend indicated that
defect-class generation suffered from lower visual quality compared to the nominal class
(see Figure 5.1).

(a) OK #601 (b) OK #602 (c) OK #603 (d) OK #604 (e) OK #605

(f) Defect #601 (g) Defect #602 (h) Defect #603 (i) Defect #604 (j) Defect #605

Figure 5.1: Comparative of synthetic samples generated by the AC-CVAE-GAN architec-
ture.

Note that the top row (5.1a to 5.1e) displays the synthetic samples, while the bottom row
(5.1f to 5.1j) shows the synthetic defect samples. The images have their corresponding
number of the sample in between the 1000 generated samples, starting from the 601st
sample. In this case, the synthetic samples are the 601st to the 605th sample.
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SD-LoRA-ControlNet Visual Assessment

The diffusion-based architecture showed a vastly superior generation performance. The
visual difference compared to the adversarial architecture baseline is substantial, with SD-
LoRA-ControlNet producing highly defined, photorealistic, high-frequency details. When
successfully synthesized, the defect artifacts—such as porosity—closely match the appear-
ance of real industrial defects.

However, the visual inspection assessment identified two primary generation inconsis-
tencies. First, a degree of class mixing was observed, since some images conditioned
as normal contained visible defects, while certain defect-conditioned images were gen-
erated completely flawless, a fact suggesting an incomplete semantic understanding of
the defect conditions by the model. Second, spatial localization of artifacts were evi-
dent. High-frequency defect textures occasionally appeared outside the expected physical
boundaries—appearing in the background or near the edges of the piece—indicating the
need for improved spatial conditioning mechanisms (see Figure 5.2).

(a) OK #601 (b) OK #602 (c) OK #603 (d) OK #604 (e) OK #605

(f) Defect #601 (g) Defect #602 (h) Defect #603 (i) Defect #604 (j) Defect #605

Figure 5.2: Comparative matrix of synthetic samples generated by the SD-LoRA-
ControlNet architecture.

Note that the top row (5.2a to 5.2e) displays the synthetic samples, while the bottom row
(5.2f to 5.2j) shows the synthetic defect samples. The images have their corresponding
number of the sample in between the 1000 generated samples, starting from the 601st
sample. In this case, the synthetic samples are the 601st to the 605th sample.

The image 5.3 illustrates the difference between an OK and Defect sample generated using
the same seed. It is observable that despite the class condition, both images share almost
the same high-frequency details as if both were defect-conditioned images. Furthermore,
some of the artifacts are present out of the boundaries of the samples.
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(a) OK Sample (b) Defect Sample

Figure 5.3: Image generated for the SD-LoRA-ControlNet model using the same seed for
both classes (OK & Defect)

In the figure 5.4 the difference between the real samples and the synthetic samples from
both models is presented.
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(a) Real OK Sample (b) Real Defect Sample

(c) AC-CVAE-GAN OK Sample (d) AC-CVAE-GAN Defect Sample

(e) SD-LoRA-ControlNet OK Sample (f) SD-LoRA-ControlNet Defect Sample

Figure 5.4: Comparative visualization of samples from the original dataset and synthetic
samples generated by the AC-CVAE-GAN and SD-LoRA-ControlNet architectures.
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5.2 Discussion

5.2.1 AC-CVAE-GAN: Latent Entanglement and Metric Contra-
diction

The quantitative metrics and qualitative results for the AC-CVAE-GAN present a com-
plex contradiction. The FID score suggested the model was performing accurately at
generating defects (180.72), theoretically outperforming the generation of nominal parts
(209.36). However, qualitative visual inspection revealed severe blurriness—a known lim-
itation of VAE reconstruction objectives [7]—and a failure to synthesize accurate defect
structures. This behavior suggests a discriminator dominance coupled with latent space
entanglement.

During the adversarial training from scratch, the high-frequency features of the defect
class dominated the gradients of the discriminator network. As described by Kang et al.
in their analysis of ACGAN instability [47], early-training collapse often occurs when the
network concentrates on classifying categories rather than discriminating authenticity,
which breaks the adversarial balance. Consequently, the generator collapsed towards
generating high-frequency noise to trivially trick the discriminator [47]. Because the
Inception-v3 model used to compute the FID compares feature distribution moments
(mean and covariance) [21], it processed this structural noise as statistically similar to
the naturally high variance of real defects. This paradoxically led to a lower—seemingly
better—FID score, despite the lack of anatomical realism.

Perceptually, the model failed to learn the underlying topology of the defects. Further-
more, the observed class randomness—where nominal parts presented malformations and
vice versa—indicates that the variational autoencoder’s KLD constraint forced the latent
distributions of both classes to overlap significantly. This phenomenon, known as posterior
collapse, occurs when the optimization trivially minimizes the divergence by making the
latent code completely uninformative and pushing it towards the standard normal prior
[7], [48]. This resulted in an entangled latent space where the OK and Defect conditional
labels lost their steering control over the generation process [48].

5.2.2 SD-LoRA-ControlNet: Spatial Dislocation and Concept Bleed-
ing

The LDM-based architecture displayed exceptional qualitative superiority, effectively bridg-
ing the photorealistic gap required for industrial defect synthesis. The sharp definition
of pores, burrs, and other high-frequency artifacts aligns with the low FID and LPIPS
scores. However, class entanglement—where defects inadvertently appear in nominally
conditioned samples—remained present for this model as well. Furthermore, a spatial
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dislocation of these artifacts is notable, as they frequently appear outside the physical
boundaries of the cast samples. These inconsistencies expose the inherent limitations of
relying exclusively on global textual conditioning and basic geometric edge guidance.

The presence of identical high-frequency defects in nominal samples sharing the same ini-
tial stochastic seed suggests that the LoRA weights overfitted the specific defect concepts—
such as "porosity", "burrs", and "cavities"—to the base latent noise. This phenomenon,
which can be described as "concept bleeding", causes the U-Net cross-attention layers to
prioritize the learned structural noise distributions over the nominal text constraints. As
noted in recent literature regarding diffusion models in industrial settings, text-to-image
architectures inherently struggle to interpret strict quantitative or negative constraints,
often prioritizing the general learned "concept" of a defect over strict prompt adherence
[38].

Additionally, the spatial dislocation of flaws occurs because the ControlNet Canny maps
enforce only geometric edge boundaries rather than semantic segmentation masks. While
the model successfully learned to generate highly accurate porosity, it lacks the explicit
spatial constraints necessary to place these textural artifacts strictly within the designated
metallic regions of the casting parts. Traditional diffusion frameworks inherently lack the
capability to associate generated features with fine-grained spatial boundaries [38]. As
highlighted by recent studies on ControlNet-based anomaly generation, overcoming this
textural spilling effect strictly requires robust foreground segmentation masks to confine
the generation process exclusively to the valid object topology [37].

5.2.3 Computational Efficiency and Industrial Scalability

Beyond the generative quality, the deployment of synthetic data into an industrial pipeline
demands a rigorous evaluation of the computational efficiency and architectural flexibil-
ity. Comparing the AC-CVAE-GAN and the SD-LoRA-ControlNet frameworks reveals
distinct industrial trade-offs regarding training speed, latent manipulation, and resolution
scalability.

Despite the metric limitations in defect synthesis, the custom AC-CVAE-GAN demon-
strated significant computational advantages. Training this model from scratch for 1,000
epochs required approximately 4 hours in the environment described in Section 4.2. The
lightweight nature of the model facilitates rapid prototyping. Furthermore, a key advan-
tage of the custom VAE backbone is the continuous and explicitly structured nature of its
latent space. This architecture allows for explicit latent arithmetic, theoretically enabling
the precise interpolation of the defect severity over a nominal part. While the model
presented in this work struggles with high-frequency clarity, its underlying morphology
offers a level of deterministic mathematical control over the defect spectrum that diffusion
models inherently lack.

On the other hand, the SD-LoRA-ControlNet pipeline, despite utilizing PEFT, represents
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a substantially higher computational cost. Achieving an acceptable convergence required
only 50 epochs; however, this brief training phase consumed approximately 3.5 hours due
to the massive parameter count of the foundational U-Net and the CLIP text encoder.
The LDM latent space is also highly non-linear and entangled, making continuous defect
arithmetic less intuitive. Nevertheless, this framework provides a crucial operational ad-
vantage: zero-shot resolution scaling. As demonstrated by Rombach et al. [10], the fully
convolutional architecture of latent diffusion models allows them to be evaluated beyond
their training dimensions. The diffusion architecture demonstrated the capability to be
trained on 256× 256 inputs while successfully inferring and synthesizing high-fidelity im-
ages at larger resolutions (e.g., 320 × 320), often yielding improved perceptual quality
without requiring architectural modifications (see Figure 5.5).

Figure 5.5: 320x320 Diffusion-Generated Images

Ultimately, the choice between the AC-CVAE-GAN and the SD-LoRA-ControlNet de-
pends on the industrial case. The first option provides a high efficiency and a mathemat-
ically manipulable latent space, suited for continuous defect interpolation. The second
option offers computationally expensive but structurally photorealistic synthesis with a
robust resolution scalability.
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6.1 Conclusions

This research evaluated the efficacy of two distinct generative architectures—a custom
AC-CVAE-GAN and a LDM (SD-LoRA-ControlNet)—for the synthesis of high-fidelity
industrial casting defects in metallic submersible pump impellers. This analysis demon-
strated that the SD-LoRA-ControlNet model architecture establishes a superior standard
photorealistic, high-frequency anomaly generation. The success of this model relies on
the architectural decoupling of structural geometry and stochastic textures. By lever-
aging ControlNet to strictly enforce the rigid, metallic boundaries of the impellers, and
applying LoRA to inject localized defect patterns, the model successfully generated defects
without compromising the structural integrity of the casting parts.

However, the analysis also revealed that the AC-CVAE-GAN remains a highly relevant
and competitive architecture for industrial applications, particularly when the compu-
tational efficiency and latent determinism are important factors. While the adversarial
network struggle to resolve high-frequency clarity when trained on binary class distribu-
tion, its lightweight architecture enables exceptionally fast training convergence, requiring
only a fraction of the resources needed for a diffusion model of comparable resolution. Fur-
thermore, the encoder-decoder structure of the VAE provides an explicit, structured latent
space, offering a level of deterministic control over defect characteristics that is difficult
to achieve in the non-linear latent manifold of

Ultimately, the development of these synthetic data generator models addresses a crit-
ical bottleneck in modern industrial manufacturing. Collecting physical data for rare,
severe defects on a production line is prohibitively expensive and time-consuming. The
generative pipelines validated in this work, provide a scalable, software-driven solution to
this challenge. By enabling the mass generation of highly accurate, defective datasets,
these models facilitate the robust training of automated visual inspection systems directly
contributing to more resilient, automated, and cost-effective industrial manufacturing en-
vironments.

6.2 Future Work

While the current research establishes a robust foundation for industrial defect synthesis,
several directions remain for optimizing both the computational efficiency and the de-
terministic accuracy of these generative pipelines. Future iterations of this work should
focus on the following areas:

• Dataset Granularity and Multi-Class Conditioning: The visual blurriness
and latent collapse observed in the AC-CVAE-GAN can be partially attributed to
the binary nature of the dataset (ok_front and def_front). Grouping diverse,
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chaotic anomalies into a single macro-class forces the VAE to average the incom-
patible high-frequency details. Future work should involve segmenting and labeling
the dataset into specific defect typologies (e.g., pores, cracks, misruns) to enable
fine-grained conditional synthesis. By conditioning the AC-CVAE-GAN on granu-
lar sub-classes, the latent space could achieve a higher disentanglement potentially
improving its visual generation quality to compete with SD-based models while
retaining its computational speed.

• Semantic Masking for Spatial Constraints: To resolve the spatial localization
of failures (texture bleeding) observed in the SD-LoRA-ControlNet model, future
implementations should include semantic segmentation masks alongside Canny edge
maps. While edge detection preserves the structural boundaries of the casting part,
binary semantic masks could provide additional guidance to the U-Net to preserve
the texture of the defect localized within the desired region preventing artifacts from
appearing in the image background.

• Text-Encoder(CLIP) Fine-Tuning: To mitigate the class entanglement ob-
served in the SD-LoRA-ControlNet model—where the nominal parts occasionally
present defects—future work should explore fine-tuning the foundational CLIP text
encoder in parallel with the U-Net LoRA weights. Improving the text-to-image se-
mantic alignment would ensure strict adherence to the generation prompts, virtually
eliminating stochastic class mismatches.

• Explainable Artificial Intelligence (XAI) for Qualitative Evaluation: Fi-
nally, the subjective nature of qualitative visual assessments should be replaced by
mathematically interpretable metrics. Future validation protocols should incorpo-
rate XAI techniques such as Gradient-weighted Class Activation Mapping (Grad-
CAM) to audit the decision-making process of the models and detect potential
biases in the adversarial discriminator. Similarly, extracting Diffusion Attentive At-
tribution Maps (DAAM) from the cross-attention layers of the U-Net would provide
objective mathematical evidence of semantic grounding, ensuring that the network
accurately links the textural concept of a defect to the exact spatial pixels it modi-
fies.
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