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Abstract
Enhancing Testicular Ultrasound Image Classi�cation Through Synthetic Data and

Pretraining Strategies

Male infertility is a widespread health concern, with testicular ultrasound imaging playing

a key role in its assessment. In particular, parenchymal inhomogeneity has been proposed

as a biomarker, but its reliable evaluation is challenged by subjective interpretation, artifacts,

and the limited availability of annotated datasets. This thesis addresses these challenges by

investigating strategies that combine pretraining and synthetic data generation to enhance

automated classi�cation of testicular ultrasound images.

A ResNet-18 backbone is employed, and both supervised and self-supervised pretraining

strategies are evaluated to improve feature representation in data-scarce conditions. To reduce

the impact of noisy labels, a heuristic �ltering method is proposed, identifying and correcting

mislabeled samples. Furthermore, synthetic ultrasound data are generated using diffusion

models, followed by a �ltering procedure to ensure �delity and clinical relevance.

Experimental results demonstrate that pretraining consistently improves classi�cation per-

formance compared to training from scratch, while synthetic data can effectively support

pretraining, partially overcoming data scarcity and privacy limitations. These �ndings high-

light the potential of integrating synthetic data and pretraining strategies to build robust and

reliable diagnostic tools, ultimately contributing to the advancement of automated ultrasound

analysis for male infertility.

Keywords: Ultrasound, Medical Imaging, Synthetic, Diffusion Models.
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Chapter 1

Introduction

1.1 The Problem of Male Infertility

Infertility is a global health issue affecting many couples, and male factors are a major

contributor. According to the World Health Organization1 [3], approximately one in six

people of reproductive age experience infertility in their lifetime. In about one-third of

infertile couples, male reproductive problems are the primary cause; in another one-third, they

contribute jointly with female factors.

The causes of male infertility are varied. Some of the major contributing factors include [4]:

• Problems in sperm production (spermatogenesis): including low count (oligospermia),

absent sperm (azoospermia), and defects in sperm morphology or motility.

• Hormonal imbalances: disorders of the endocrine system, such as low testosterone,

pituitary or hypothalamic dysfunction, which interfere with the normal stimulation of

the testes.

• Genetic causes: including chromosomal abnormalities (e.g., Klinefelter's syndrome),

mutations, and congenital defects.

• Anatomical or structural issues: blockages in the sperm transport tract, undescended

testicles (cryptorchidism), varicocele (enlarged veins around the testicle), or injury.
1https://www.who.int/
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• Infections, in�ammation, injury: prior infections (including sexually transmitted in-

fections), testicular in�ammation or orchitis, or trauma can damage spermatogenic

tissue.

• Lifestyle, environmental, and other risk factors: obesity, exposure to toxins, heat,

chemical pollutants, age, use of certain medications or steroids, and other health issues.

Male infertility not only affects the ability to conceive but has social, psychological and

�nancial implications for couples. Because male infertility can be partially or sometimes

fully treatable (depending on the cause), early detection and accurate diagnosis are critical.

However, many causes remain idiopathic (unknown) even after standard evaluation.

1.2 Background, Problem Statement, and Motivation

In discussions with clinicians, the need emerged for tools that could assist in the early detection

and prevention of male infertility and related disorders, supporting doctors in diagnostics

and patient counselling. Given the available in-house data, a promising starting point was

identi�ed in the detection of tissue inhomogeneity in testicular ultrasound images, a feature

proposed as a biomarker for male infertility.

Testicular ultrasound (TUS) is a key non-invasive imaging modality for assessing testicular

structure and function, playing a crucial role in detecting tissue characteristics such as

parenchymal inhomogeneity, an emerging biomarker for male infertility [5]. While medical

imaging, including ultrasound, is essential for diagnostics due to its safety, accessibility, and

real-time capabilities, its interpretation remains challenging.

A signi�cant challenge arises from subjective image interpretation and complex tissue patterns

in TUS, which hinder reliable and standardized assessment, thus highlighting a critical need

for automated classi�cation tools. Progress is severely hampered by the lack of large, publicly

available datasets. Ethical and privacy concerns limit data sharing, leading to small, institution-

speci�c datasets that constrain deep learning model development and generalization.

Ultrasound imaging presents unique dif�culties, including artifacts, noise, low contrast, and

operator dependency. Furthermore, limited annotated datasets (due to time-consuming, expert-

dependent labeling) and heterogeneity across devices and operators complicate model training

2
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and generalization. A particular challenge is the inherent noisiness in image-label pairing:

clinicians rely on real-time video evaluation, but only static screenshots are saved, which may

not accurately re�ect the tissue's homogeneity, introducing noise into the dataset. Given these

obstacles, there is a critical need for automated classi�cation tools to improve reliability and

standardization in TUS assessment.

1.3 Addressing the Challenges and Key Contributions

To tackle the intertwined challenges of data scarcity and subjective interpretation in testicular

ultrasound (TUS) analysis, this work proposes an integrated approach that leverages pretrain-

ing strategies, heuristic noise reduction, and diffusion-based synthetic data generation. These

components work synergistically to enhance model robustness, improve generalization, and

ensure data �delity, collectively advancing the automation of TUS interpretation.

Our proposed approach involves the following key steps:

• Evaluating pretraining strategies: We systematically compare supervised and self-

supervised pretraining methods for testicular inhomogeneity classi�cation using a

ResNet-18 [6] backbone. Preliminary experiments revealed that more complex ar-

chitectures such as ResNet-50 and Vision Transformers [7] tend to over�t given the

limited size of our Labeled Dataset (LD). Hence, we focus on architectures that balance

representational power with generalization capability.

• Heuristic label noise reduction: Recognizing that subjective interpretation can intro-

duce inconsistencies in labeling, we propose a heuristic �ltering method that detects

“suspicious” samples by tracking their loss trajectories during initial training. Samples

identi�ed as unreliable can either be discarded or relabeled, which empirically improves

classi�cation accuracy and label consistency.

• Diffusion-based synthetic data generation:To further mitigate data scarcity, we

employ Denoising Diffusion Probabilistic Models (DDPMs) to synthesize realistic

ultrasound images. These models outperform traditional GAN-based approaches in

stability and �ne-detail preservation, enabling the generation of high-quality, clinically

relevant synthetic data that mirrors the distribution of the real LD.
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• Synthetic data �ltering via precision-based selection: To ensure the �delity of

generated images, we compute a “real data manifold” from feature embeddings of the

real LD and retain only synthetic samples whose embeddings lie within this manifold.

This �ltering process reduces the initial synthetic dataset from approximately 20K to

around 9K high-quality images, providing a diverse and reliable dataset for pretraining.

Through this cohesive pipeline, the study not only addresses the fundamental limitations of

current TUS analysis but also establishes a reproducible framework for applying generative

modeling and pretraining in data-limited medical imaging domains.

In summary, this work makes the following key contributions:

(i) A systematic evaluation of supervised and self-supervised pretraining strategies tailored

to testicular ultrasound analysis;

(ii) A heuristic label noise reduction method that enhances annotation quality and model

reliability;

(iii) The introduction of diffusion-based generative modeling for realistic synthetic TUS

data, coupled with a precision-based �ltering mechanism to ensure high �delity.

1.4 Thesis Structure

The remainder of this thesis is structured as follows:

• Chapter 2: Context Overview will provide a comprehensive overview of existing

literature on deep learning in ultrasound image analysis and generative models for

synthetic medical image generation;

• Chapter 3: Dataset Curation and Noisy Label Filteringwill detail the acquisition

and preparation of the in-house dataset, including the Unlabeled Dataset (UD) and

Labeled Dataset (LD), as well as the proposed heuristic �ltering procedure for noisy

labels;
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• Chapter 4: The Generated Datasetwill describe the generation of a synthetic dataset

using Denoising Diffusion Probabilistic Models (DDPMs) and the �ltering algorithm

designed to ensure the quality of the generated images;

• Chapter 5: Training Methodologies and Evaluation Metricswill describe the semi-

supervised pretraining strategies. It will also outline the neural network architectures,

�ne-tuning procedures, and evaluation protocols;

• Chapter 6: Experiments and Resultswill present the experimental setup, implemen-

tation details, and the results validating the effectiveness of the proposed pretraining

and synthetic data integration strategies;

• Chapter 7: Conclusion and Future Research Directionswill summarize the �ndings

of this study, discuss its implications, and propose directions for future work, including

the incorporation of dynamic ultrasound videos and label-conditioned synthetic image

generation;

• Chapter 8: Other Works — MICCAI 2025 UUSIC Challenge will present an

additional study conducted during the �nal stage of this thesis, which explores a

complementary research direction beyond the main scope of the work.

5





Chapter 2

Context Overview

This chapter provides a comprehensive overview of the essential background for this thesis,

beginning with an introduction to ultrasound imaging, followed by a discussion of its applica-

tion in detecting testicular pathologies. It then delves into the current state of deep learning in

medical image analysis, culminating in a detailed explanation of Denoising Diffusion Proba-

bilistic Models (DDPMs) and their role in addressing data scarcity and quality challenges in

this sensitive domain.

2.1 The Ultrasound Image Modality

Ultrasound (US) imaging is a key non-invasive tool in medical diagnostics, widely recognized

for its safety, accessibility, and real-time capabilities [8]. Unlike other imaging modalities, US

utilizes sound waves to create images, avoiding ionizing radiation and making it particularly

suitable for repeated examinations and sensitive anatomical regions.

Principles of Ultrasound Imaging

Ultrasound imaging is based on the emission of high-frequency sound waves (typically

2–15 MHz) from a transducer placed on the patient's skin. These sound waves propagate

through tissues and are partially re�ected whenever they encounter boundaries with different

acoustic impedances (e.g., between soft tissue and bone, or tissue and �uid). The transducer

7
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then detects the returning echoes, and the system reconstructs these signals into a grayscale

image where brightness corresponds to the amplitude of the re�ected echoes. This process

enables real-time visualization of anatomy and physiology, such as blood �ow or organ motion.

However, because ultrasound relies on the acoustic properties of tissues, factors like re�ection,

refraction, attenuation, and scattering introduce limitations and artifacts.

FIGURE 2.1: Basic principle of ultrasound imaging: the transducer emits high-frequency
sound waves, receives re�ected echoes from tissue boundaries, and reconstructs the measured

signal into an image.

Ultrasound Artifacts

However, the interpretation of ultrasound images presents signi�cant challenges, many of

which are inherent to the underlying physics. Artifacts represent a particularly important

source of dif�culty, as they can alter healthy anatomy, mimic pathological �ndings, or in some

cases provide useful diagnostic clues. The most common types of artifacts are:

• Acoustic shadowing: Occurs when highly re�ective or attenuating structures (e.g.,

bone, calci�cations, gallstones) absorb or re�ect nearly all incident sound waves,

leading to dark regions distal to the re�ector. This may hinder visualization of deeper

tissues, but can also be diagnostically useful (e.g., identifying gallstones). Examples of

this phenomenon are shown in Fig. 2.2;

8
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FIGURE 2.2: Examples of acoustic shadowing artifacts.

• Acoustic enhancement: Seen as zones of increased echogenicity beneath �uid-�lled

structures (e.g., cysts, bladder), since such media allow enhanced transmission of

ultrasound waves. While sometimes misleading, enhancement can also aid in detecting

underlying �uid. Representative examples are shown in Fig. 2.3;

FIGURE 2.3: Examples of acoustic enhancement artifacts.

• Reverberation artifact: Results from repeated re�ections between strong re�ectors or

between a re�ector and the transducer. Appearing as multiple parallel echoes, these can

mimic structures at increasing depths but can be recognized by their regular spacing

and diminishing intensity. Illustrative cases are provided in Fig. 2.4;

9
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FIGURE 2.4: Examples of reverberation artifacts.

• Mirror image artifact : A special form of reverberation where a strong re�ector (e.g.,

diaphragm) acts like a mirror, producing duplicated structures beyond the re�ector.

Such artifacts often disappear when the transducer angle is changed, distinguishing

them from true anatomy (see Fig. 2.5);

FIGURE 2.5: Examples of mirror image artifacts.

• Speckle artifact: Arises from the constructive and destructive interference of scattered

ultrasound waves within heterogeneous tissues. This produces a grainy texture that can

obscure �ne anatomical details and reduce image contrast. While generally undesir-

able, speckle can also carry information about tissue microstructure and is sometimes

exploited in quantitative imaging. Examples are shown in Fig. 2.6.

10
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FIGURE 2.6: Examples of speckle artifacts.

These artifacts add to other challenges such as dependence on operator skills and variations

across devices, making consistent and automated ultrasound analysis more dif�cult. For

Testicular Ultrasound (TUS) in particular, the lack of annotated data, variability in acquisition

conditions, and stringent privacy requirements further hinder the development of reliable deep

learning models. Although artifacts may occasionally offer diagnostic value, they more often

introduce unpredictability and interfere with standard image processing methods.

2.2 State of the Art in Deep Learning for Ultrasound Imaging

In the context of male reproductive health, Testicular Ultrasound (TUS) imaging is vital for

evaluating male infertility. A speci�c and emerging biomarker for male infertility is testicular

parenchymal inhomogeneity, which refers to variations in the tissue's texture and density. The

accurate assessment of this biomarker is crucial for diagnosis and patient treatment.

Despite its importance, the reliable, standardized assessment of testicular inhomogeneity is

hindered by subjective image interpretation and complex tissue patterns. Clinicians often

rely on real-time video evaluation during examinations to assess these anatomical properties

comprehensively. However, in routine clinical practice, only static screenshots are typically

saved, which may not always accurately re�ect the true homogeneity characteristics of the

tissue. This discrepancy introduces inherent noisiness in the pairing of images and labels

within datasets, posing a signi�cant challenge for automated classi�cation systems. This

situation highlights a pressing need for automated classi�cation tools that can provide objective

and standardized assessments.
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Deep Learning, particularly Convolutional Neural Networks (CNNs) [9], has demonstrated

signi�cant promise in automating US image analysis and extracting quantitative informa-

tion [10], which is essential for overcoming subjective interpretation challenges. These

advancements have been crucial in various medical diagnostic applications. However, a major

barrier to progress in this �eld is the lack of large, publicly available ultrasound datasets.

Ethical and privacy constraints signi�cantly restrict data sharing, leading most deep learning

models to be developed and tested on small, institution-speci�c datasets. Furthermore, in

many clinical settings, medical imaging protocols do not routinely preserve digital versions of

ultrasound scans, resulting in additional data loss. This scarcity of accessible and standardized

data hampers robust model training and limits the generalizability of deep learning systems

across different institutions and patient populations.

To address the pervasive issue of data scarcity, medical imaging research increasingly leverages

two key strategies:

• Pretraining: Training on large, diverse datasets (either general or medical-speci�c)

can signi�cantly enhance feature extraction capabilities and improve the performance

of deep learning models when �ne-tuned on smaller target datasets;

• Synthetic data generation:Generative models were initially explored to augment

datasets, enable cross-modality synthesis, and facilitate anonymization.

Early approaches to synthetic data generation primarily relied on Generative Adversarial

Networks (GANs), which, despite their success, often exhibited unstable training dynamics

and struggled to produce suf�ciently diverse samples. In contrast, the advent of Denoising

Diffusion Probabilistic Models (DDPMs) [11] has marked a signi�cant advancement in

generating high-quality and realistic medical images. Compared to GANs [12], DDPMs

demonstrate superior performance in producing diverse and lifelike samples, particularly in

imaging modalities such as MRI and CT. This progress provides an effective means to address

data-sharing restrictions and the persistent issue of data scarcity in sensitive domains like TUS

classi�cation.
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2.3 Introduction to DDPMs

Denoising Diffusion Probabilistic Models (DDPMs) [11] are powerful generative models

that have demonstrated superior performance over GANs in terms of stability and detail

modeling for high-quality medical image synthesis. They operate through a two-phase process

to generate realistic images (as depicted in Figure 2.7):

1. Forward Diffusion Phase: A Markov chain gradually adds Gaussian noise to a clean

image over multiple time steps. Each step introduces a small amount of noise, following

a prede�ned variance schedule, until the original image is completely transformed into

pure Gaussian noise;

2. Reverse Denoising Phase:A neural network, typically a U-Net architecture, is trained

to reconstruct the original image by progressively removing the added noise. The U-Net

learns to predict the noise component present in the image at each time step, effectively

learning to reverse the diffusion process.

FIGURE 2.7: A conceptual overview of the two-phase process in a Denoising Diffusion
Probabilistic Model (DDPM). The forward diffusion phase (top arrow) shows the gradual
addition of Gaussian noise to a clean image over multiple time steps until it becomes pure
noise. The generative reverse denoising phase (bottom arrow) illustrates how a trained neural

network iteratively removes noise to reconstruct a clean image from pure noise [1].

During inference, the process starts with a sample of pure Gaussian noise. The trained DDPM

then iteratively re�nes this noise through a series of denoising steps, progressively removing

the estimated noise component. This iterative re�nement continues until the �nal step,

resulting in a synthetic image that closely resembles the distribution of real ultrasound images.

Furthermore, Conditional DDPMs offer the capability for controlled image generation based

on speci�c clinical attributes or segmentation maps, providing a powerful tool for targeted

data synthesis.
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In medical imaging applications, DDPMs can be trained on real datasets to generate synthetic

samples that mirror clinical data distributions. To ensure the �delity and practical utility of

these synthetic images, �ltering strategies are often applied to remove out-of-distribution

samples and retain only those consistent with real data characteristics. This results in a re�ned

synthetic dataset that can be used to augment training, improve data diversity, and address

challenges of data scarcity while preserving clinical relevance. Such curated synthetic datasets

are particularly valuable for pretraining in domains where annotated medical images are

limited.
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Chapter 3

Dataset Curation and Noisy Label

Filtering

This chapter details the acquisition, characteristics, and preprocessing of the dataset used in

this study, speci�cally focusing on the challenges of data scarcity and label noise inherent

in testicular ultrasound imaging. It outlines how images were collected, the structure and

distribution of the data, and the heuristic algorithm developed to �lter noisy labels to enhance

training quality.

3.1 Dataset Acquisition and Characteristics

To address the lack of publicly available testicular ultrasound image datasets, all experi-

ments were conducted using an in-house dataset. This dataset was collected at the Antonio

Nalin Center of the Baggiovara Hospital in Modena, Italy, utilizing two different ultrasound

acquisition systems:Esaote® MyLab25 GoldandEsaote® MyLab XPro80.

The dataset comprises image pairs, with each pair containing static views of the same testicle

captured from both transverse and sagittal planes. These pairs were then cropped to remove

metadata and isolate single views as shown in 3.1, with each view being treated independently

and inheriting the original label.

The overall dataset is structured into two main components:
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FIGURE 3.1: Visualization of the preprocessing pipeline, showing the transformation from
raw images to cropped representations in two different views.

• Unlabeled Dataset (UD):This dataset is primarily used for pretraining and contains a

mix of testicular and thyroid ultrasound images. It consists of 25,792 images in total,

with 1,666 testicular scans and 24,126 thyroid scans, not necessarily from the same

patients;

• Labeled Dataset (LD): This subset is crucial for the classi�cation task, focusing

on predicting testicular tissue homogeneity versus inhomogeneity. It includes 880

testicular images from 220 patients, with homogeneity/inhomogeneity labels available.

The class distribution within this labeled dataset is notably uneven, approximately

80–20% respectively.

A signi�cant challenge encountered was the inherent noisiness in the pairing of images and

labels. Clinicians typically rely on real-time video evaluation during ultrasound examinations

to assess anatomical properties comprehensively. However, only static screenshots are typi-

cally saved in routine clinical practice, and these images may not always accurately re�ect the
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actual homogeneity characteristics of the tissue, thereby introducing noise into the dataset for

automated systems.

3.2 Noisy Label Filtering Method

The labeled dataset (LD) contains 880 static ultrasound images annotated ashomogeneousor

inhomogeneous. However, due to the intrinsic nature of ultrasound imaging, these annotations

can be noisy. During clinical examinations, radiologists evaluate the testicular tissue in real

time, whereas only single frames (screenshots) are saved in routine practice. These static

images may not always represent the true tissue homogeneity observed during the full video

assessment, introducing inconsistencies in the labels. To mitigate this problem, we developed

a heuristic �ltering procedure aimed at identifying and discarding mislabeled or unreliable

samples prior to training.

We �rst trained a simple ResNet-18 [6] classi�er to predict tissue homogeneity using a three-

fold cross-validation scheme and a standard cross-entropy loss. To avoid data leakage, all

images belonging to the same patient were kept in the same fold. The model exhibited limited

generalization and clear signs of over�tting, suggesting that some samples were perturbing

the learning process due to inconsistent labeling.
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FIGURE 3.2: Example of per-sample training loss trajectories across epochs. Most samples
show a smooth, decreasing trend, while a few exhibit irregular spikes where losses repeatedly
exceed a value of 1, indicating potentially mislabeled cases. Note that samples may span

different numbers of epochs due to the use of a weighted sampler.

To systematically detect these unreliable samples, we analyzed the per-sample loss evolution

throughout training(see Fig. 3.2). The intuition is that correctly labeled samples should show

a consistent reduction in loss as training progresses, while mislabeled ones tend to display

erratic behavior with repeated loss spikes.

A sample was �agged as “suspicious” if its training loss exceeded a threshold of 1 at least

three times during the learning process. This criterion was determined empirically: smaller

thresholds produced too many false positives, while larger ones failed to capture evident

outliers.

To enhance robustness, the �ltering process was repeated using two different pretrained

initializations of the ResNet-18 [6] backbone, one from ImageNet and one from our custom

ultrasound pretraining. For each initialization, we performed four independent training runs

with different random seeds under a three-fold cross-validation setup, resulting in a total of 24

runs. Since each sample appears in multiple folds and seeds, it could be �agged as suspicious

up to 16 times in total.
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Dataset Accuracy (" ) F1-Score (" )

Complete 81.51� 2.78 55.72� 4.37
Filtered 88.15� 1.94 68.59� 3.30
Flipped 86.78� 2.21 73.17� 1.55

TABLE 3.1: Performance of a ResNet pretrained on ImageNet and �ne-tuned on the complete
LD dataset, compared with the �ltered and label-�ipped versions after noisy sample removal.

Figure 3.3 compares the results obtained using thresholds of 1, 3, and 5. A value of 1 was

overly aggressive, marking many valid samples, whereas 5 was too conservative. Therefore,

the �nal �ltering procedure adopted a threshold of 3. Samples consistently �agged as

suspicious in all 16 evaluations (72 images in total) were subsequently either removed from

the dataset or had their labels �ipped after manual inspection.

FIGURE 3.3: Distribution of the number of times each sample was �agged as suspicious
across 16 evaluations under thresholds of 1, 3, and 5. The threshold of 3 provided the
best balance between conservativeness and aggressiveness, effectively separating genuinely

mislabeled cases from the majority of stable samples.

Table 3.1 reports the classi�cation performance before and after �ltering. Removing or

correcting mislabeled samples led to a clear improvement in both accuracy and F1-score,

con�rming that label noise was a major source of performance degradation.

To validate these �ndings, clinicians re-examined the suspicious cases using only the available

static images (since the dynamic examination videos were not accessible). The re-evaluation

revealed several discrepancies with the original annotations, reinforcing the importance of

using complete examination videos for accurate labeling in future studies.
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All subsequent experiments in this thesis were conducted using the re�ned labeled dataset

produced by this �ltering and label-correction process.
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Chapter 4

The Generated Dataset

This chapter details the methodology employed for generating a synthetic dataset of testicular

ultrasound images using Denoising Diffusion Probabilistic Models (DDPMs) and describes the

subsequent �ltering algorithm designed to ensure the quality and �delity of these generated

images. This approach directly addresses the signi�cant challenges of data scarcity and

privacy concerns prevalent in medical imaging research, particularly in the sensitive domain

of testicular ultrasound (TUS).

4.1 Synthetic Data Generation with Denoising Diffusion Proba-

bilistic Models (DDPMs)

As introduced in Chapter 2, Denoising Diffusion Probabilistic Models (DDPMs) [11] are

powerful generative models that have demonstrated superior performance over Generative

Adversarial Networks (GANs) [12] in terms of training stability and detail modeling for

high-quality, realistic image synthesis. This approach is particularly effective in addressing

the limitations of small, institution-speci�c datasets and ethical restrictions on data sharing

prevalent in medical imaging. A DDPM operates through a two-phase process: a �xed forward

diffusion phase and a learned reverse denoising phase. The forward process incrementally

adds Gaussian noise to an image, while the reverse process learns to remove it.
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Mathematical Formulation

The diffusion process begins with a clean imagex0 � pdata(x), sampled from the real data

distribution. The goal of the forward process is to gradually corruptx0 by adding Gaussian

noise step by step, until afterT iterations the image becomes indistinguishable from pure

noise. This is achieved by de�ning a Markov chain where, at each stept, we generate a noisier

versionx t from the previous stepx t � 1:

q(x t j x t � 1) = N
�
x t ;

p
� t x t � 1; (1 � � t )I

�
; t = 1 ; : : : ; T: (4.1)

Here,� t represents the fraction of the original signal that is preserved after timestept, while

its complement� t controls the amount of noise added:

� t := 1 � � t : (4.2)

Hence, a smaller� t implies that less noise is injected at that step, preserving more image

information, whereas a larger� t leads to faster degradation of the image. The entire noise

schedule is therefore governed by the sequencef � t gT
t=1 , commonly referred to as thevariance

schedule, which determines how the diffusion process evolves over time.

It is often more convenient to work with the cumulative product of the� t terms, denoted as

�� t =
tY

s=1

� s; (4.3)

which expresses the total amount of signal remaining aftert diffusion steps. By marginalizing

the forward process, we can directly relate any noised samplex t to the original clean image

x0:

q(x t j x0) = N
�
x t ;

p
�� t x0; (1 � �� t )I

�
: (4.4)

This closed-form expression reveals an important property: instead of applying noise step-by-

step, we can samplex t at any arbitrary timestept directly. Using the reparameterization trick,

we can write

x t =
p

�� t ; x0 +
p

1 � �� t "; " � N (0; I ); (4.5)
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which is crucial for training ef�ciency. In practice, during training, a timestept is drawn

uniformly, noise" is sampled, and the network is trained to predict" given(x t ; t). This allows

the model to learn how to denoise across all noise levels simultaneously.

The reverse process aims to invert this corruption by learning a denoising distribution of the

form

p� (x t � 1 j x t ) = N
�
x t � 1; � � (x t ; t); � 2

t I
�
; (4.6)

where the mean� � (x t ; t) depends on the current noisy inputx t and the timestept, and� 2
t

represents the variance of the reverse transition. Under the"-parameterization, the mean can

be expressed as:

� � (x t ; t) =
1

p
� t

�
x t �

1 � � tp
1 � �� t

" � (x t ; t)
�

: (4.7)

Originally, the variance� 2
t was �xed to the closed-form posterior variance

~� t =
1 � �� t � 1

1 � �� t
� t ; (4.8)

or simply set to� t during inference. Later improvements to DDPMs introduced learning of

the diagonal variance, interpolating between~� t and� t in log-space, which allowed for more

accurate modeling and improved image �delity.

While the full variational lower bound (VLB) can be optimized to learn the reverse process,

in practice it was found that a much simpler surrogate loss works better. In this formulation,

the network" � (x t ; t) is trained to directly predict the noise" used in generatingx t . The

correspondingsimple lossis de�ned as

L simple(� ) = Et �U ([1;T ]) ; x0 � pdata; " �N (0;I )
�
k" � " � (x t ; t)k2�

: (4.9)

This formulation avoids the complexities of directly optimizing the VLB while still yielding

excellent generative performance. Intuitively, the model learns to remove the injected Gaussian

noise step by step, gradually reconstructing the original image.

A critical design choice lies in how the variance schedulef � t g is de�ned. In the original

work [11], a linear schedule was proposed, but this quickly injected a large portion of the noise

in the very �rst steps. As a result, the signal-to-noise ratio (SNR) collapsed early, making the

denoising task unnecessarily dif�cult. To mitigate this, the improved [13] introduced a cosine
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