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Histopathological whole-slide images (WSIs) are hard to analyse and computation-
ally demanding. The diagnosis relies on relations between local and global context,
and clinical use requires interpretability. Rresearch hypothesis asks whether hi-
erarchical transformers with explicit relational attention can improve multi-scale
WSI modeling and explainability. We propose the Relation-Aware Hierarchical Im-
age Pyramid Transformer (RA-HIPT), fusing whole-slide and patch embeddings
via cross-attention with graph regularization and a custom loss function aimed at
relation discovery. We performed evaluation in self- and weak supervision on con-
trolled synthetic WSIs and BRACS. For evaluation we use attention maps, region-
region graphs, class-relation visualizations, and confusion analysis. A synthetic
pipeline combines VQ-VAE, semantically conditioned diffusion, and inpainting-
based stitching. Empirically, VQ-VAE reached FID 13.14; conditioned sampling
on BCSS with DDIM-50 achieved FID 122.84 and mean SSIM 0.13. Alongside we
performed seam ablations and a qualitative assessment of structures with 15 par-
ticipants. With RA-HIPT, heatmaps and relation graphs highlighted tissue struc-
ture. These findings demonstrate synthetic dataset quality, model interpretability,

and the model’s ability to capture biologically relevant structures.
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Histologické snimky (WSI) st naro¢né na analyzu a spracovanie. Diagnoza spociva
vo vztahoch medzi lokdlnym a globalnym kontextom Struktar pricom klinické
nasadenie vyzaduje vysvetlitelnost. Vyskumna hypotéza skuma, ¢i hierarchické
transformery s explicitnou pozornostou vztahov mézu zlepsit zachytenie vztahov a
vysvetlitelnost. Navrhujeme Relation-Aware Hierarchical Image Pyramid Trans-
former (RA-HIPT), ktory spaja embeddingy celej snimky a vyrezov cez cross-
attention s grafovou regularizaciou a vlastnou stratovou funkciou zameranou na ob-
javovanie vztahov. Vyhodnotenie prebehlo v samo- a slabo supervizovanom rezime
na syntetickych WSI a na BRACS datach. Na vyhodnotenie slizia mapy po-
zornosti, grafy vztahov medzi regionmi, vizualizacie triedovych vztahov a analyza
vysledkov clasifikacie. Synteticky proces kombinuje VQ-VAE, sémanticky pod-
mienent difiziu a inpaintingové spajanie. Empiricky VQ-VAE dosiahol FID 13,14;
podmienené generovanie na BCSS s DDIM-50 dosiahol FID 122,84 a priemerny
SSIM 0,13. Zaroven sme vykonali abla¢né studie a kvalitativne hodnotenie struktir
s 15 ucastnikmi. S RA-HIPT heatmapami a grafmi vztahov sme zachytili struk-
tary tkaniva. Tieto zistenia dokazuja kvalitu syntetického datasetu, vysvetlitelnost

modelu a schopnost modelu zachytit biologicky relevantné struktury.
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Chapter 1

Introduction

Although histological images are unfamiliar to most people, their analysis plays a
critical role in identifying biomarkers that ultimately save countless lives. These
histological images are feature-rich and contain an extreme number of details.
Because of this, their processing is complex and time-consuming [58|. Neural
networks are being used more and more often in this domain [34]. With the help
of AI, pathologists are able to save from 20% to 90% of the time needed for image
analysis [17]. In diagnosis, every second matters, and that is why this time-saving
approach is life-saving. However, this technology does not have only advantages;

it also has some disadvantages, one of which is Al interpretability.

Early biomarker detection, which is one type of histological image process-
ing, can reveal important information and show the exact path for treating specific
types of diseases.|115] That is why AT has started to be used more frequently. ATl
is capable of finding relations that are not visible at first sight and can even pro-
cess the entire image.[120] These relations are often found in image areas that are
far apart, and the model is not able to detect them, which causes the AT model

to lose an important concept of the disease. That is why we need to focus more
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on improving Al-driven biomarker detection with an focus on global and local

feature relations.

Interpretability became one of the most mentioned problems in the field of
medicine.|31] From the histological image point of view, it is crucial for the doctor
to be able to explain how the AI system, which performed the prediction, decided,
especially when it comes to the detection of new biomarkers. The core problem is
that the patient has the right to request this decision. Without knowledge of how
the system decided, this system cannot be used in a production environment, and

the doctor cannot use its results for diagnostics.|90]

The contribution of this work is divided into two main parts. The first part
focuses on integrating global and local feature relations into the architec-
ture to enable it to understand both the overall whole-slide image context and
the fine details of the image. To verify the hypothesis that these relations can
be identified and meaningfully connected, attention-based heatmap visualizations
are generated over the learned embeddings, allowing for the interpretation of the
model’s behavior. The second part involves the creation of a conditioned syn-
thetic dataset designed for validating the previously mentioned hypothesis. The
dataset is assembled by arranging predefined structures at precise spatial posi-
tions. This synthetic dataset is then used to support and confirm the proposed
relational modeling approach. The overall pipeline aims to validate the solution

for biomarker detection.

1.1 Motivation

To understand the challenges of the pathologists’ diagnostic process, we first con-
sider the proposed examination flow illustrated in Fig. In comparison, the

traditional image processing workflow contains Al-driven analysis, which is not
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interpretable and processes the image patch by patch. The key components that
differ from the traditional workflow are highlighted, and we now discuss the moti-

vation behind them.

Global and local slide DA

) 5 Prediction
details analysis by Al (Heatmaps)

Few Annotated Whole
Slide Images

: @ Interpretable
4 Synthetic Whole Slide

Image with defined
rules

Human-Al Review Final Diagnosis

.©

Figure 1.1: Proposed image processing workflow of the histopathologist, with high-
lighted sections indicating the areas of focus in this study

The first step involves global and local slide analysis by AI, focusing on
the integration of global and local feature awareness into the model. These rela-
tionships are essential in the diagnostic process, as pathologists evaluate the slide
holistically rather than as isolated regions. This step also represents the pathol-
ogist’s process of analyzing the slide at multiple magnifications, which closely

reflects the real diagnostic workflow.|39. 86|

In many real-world settings, the limited availability of annotated whole-slide
images makes it difficult to validate architectural hypotheses. Large whole-slide
images and the high demand for expert annotation slow down the process of vali-
dation and Al model training.|72] In particular, our work aims to test whether a
neural network can effectively integrate local and global features within a single
model.|21] To enable controlled and interpretable validation of this hypothesis, we
introduce a second step based on interpretable synthetic whole-slide images
generated according to predefined rules and concepts.|79] This approach allows us

to directly assess whether the model captures the important relations, providing a



Chapter 1. Introduction

technique for hypothesis-driven validation that is not possible with real-world data
alone. In the other words we create controlled synthetic validation dataset

for down-stream models.

The third component is the interpretable Al prediction stage, where heatmaps
provide essential insights for biomarker validation.[42] Pathologists must under-
stand which slide regions contribute to the model’s decision; without this infor-
mation, they cannot assess whether the model relies on meaningful features.|53|
By incorporating these steps, the models used by pathologists become more inter-
pretable and better aligned with their natural decision-making process, which is

crucial for reliable diagnostic support.|53]

These hypotheses and workflow modifications are considered mainly from a
user experience point of view. The entire proposed pipeline and the change in
the pathologist’s workflow represent a different research question and need to be
further validated in the future, after the proposed neural network architecture

modifications are implemented.

1.2 Research Questions

Based on the motivation and problem background we stated these three research

questions:

RQ1: Can a neural network architecture that explicitly integrates local and
global features capture predefined local-global relationships in whole slide im-

ages?

Whole slide images contain information at multiple spatial scales, where local
patterns are often meaningful only in the context of global spatial organization.

Conventional architectures typically focus on either local or global features, which

4
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limits their ability to model interactions between these scales. This research ques-
tion directly addresses the central hypothesis of this thesis: whether explicitly
integrating local and global representations within a single neural network enables

the model to capture such structured relationships. |39, [86]
Hypothesis:

e Hy: Integrating local and global features within the neural network architec-
ture does not improve the model’s ability to capture predefined local-global

relationships in whole slide images.

e H,: Integrating local and global features within the neural network archi-
tecture improves the model’s ability to capture predefined local-global rela-

tionships in whole slide images.

RQ2: To what extent do interpretable synthetic whole slide images enable con-

trolled validation of local-global feature integration compared to real-world data?

Validation of local-global feature integration is challenging when using real-
world whole slide images, as the true underlying relationships between local and
global structures are unknown and difficult to isolate. Interpretable synthetic
whole slide images, generated according to predefined rules and concepts, provide
full control over the data generation process. This allows explicit encoding of
known relationships, making it possible to assess whether a model captures the
intended interactions. This research question motivates the use of synthetic data

as a validation tool rather than a replacement for real data.|21, 79|
Hypothesis:

e Hy: Interpretable synthetic whole slide images do not provide a more con-

trolled or informative framework for validating local-global feature integra-
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tion than real-world whole slide images.

e [: Interpretable synthetic whole slide images provide a more controlled and
informative framework for validating local-global feature integration than
real-world whole slide images, due to their predefined rules and explicitly

encoded local-global relationships.

RQ3: Can a neural network that integrates local and global features produce
representations and outputs that are both interpretable and explainable, enabling

expert validation of the learned local-global relationships?

Neural networks that integrate local and global features aim to model multi-
scale relationships in whole slide images, yet it remains unclear whether these
relationships are learned in an interpretable and explainable manner. In digi-
tal pathology, such explainability is essential to allow expert validation of model
behavior. This research question therefore investigates whether a model integrat-
ing local and global features can produce explainable representations that enable
meaningful validation by a pathologist, using synthetic whole slide images as a

controlled evaluation setting.[53]
Hypothesis:

e Hy: A neural network that integrates local and global features does not
produce interpretable or explainable representations that allow meaningful

expert validation of the learned local-global relationships.

e Hi: A neural network that integrates local and global features produces
interpretable and explainable representations that allow meaningful expert

validation of the learned local-global relationships.
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Chapter 2

Medical Imaging

In the last years, deep neural networks started to be one of the most useful tools
in hospitals as an intelligent assistant for image processing. We know multiple
different types of data used in the field of medicine. Some of them are image data
and numerical data. Both of these data can be processed by deep neural networks.

Numerical data can represent exact numerical values of medicals. 58] [34]

Image data can exist in a wide variety of formats, each used for a different
purpose. Some of them are magnetic resonance imaging (MRI), computed tomog-
raphy (CT), X-ray, ultrasound, and photographic images.[1|] These data contain
biomarkers that are crucial for the diagnostic process. In our work, we focus
primarily on image data, specifically digital histopathology images, an example of
which can be seen in Fig.[12.1] These data come with multiple processing methods

and a wide range of challenges to address, such as biomarker detection.
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Figure 2.1: Example of histology image

2.1 Biomarkers

Biomarkers are measurable biological indicators that reflect biological processes,
disease progression, or response to therapy. They can exist in different structures
such as cells, molecules, or proteins. A combination or even a single biomarker
can indicate the presence of a disease or reveal underlying biological processes.
Nowadays, digital biomarkers are often combined with biological ones, but their

detection remains a challenging task.[81] [122]

One type of biomarker is the outcome-driven biomarker. These biomarkers
focus on predicting the clinical outcomes of patients. Some of these outcomes in-
clude disease progression or treatment response, which can be guided by biomarker
analysis performed by doctors. Types of these biomarkers include prognostic, di-
agnostic, and predictive. Prognostic biomarkers measure biological characteristics.
Diagnostic biomarkers measure biological molecules reflecting the presence or ab-

sence of disease. Finally, predictive biomarkers indicate whether a patient is likely

to respond to treatment.[81]

The second type of biomarker is the systems biology—driven biomarker. These

10
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aim to understand biological systems as a whole, processing multiple sources of
data. Such sources include genomics, transcriptomics, proteomics, and other omics
data, which together create structures or relationships such as network biomarkers.
Types of these biomarkers include phenotype, molecular, and cross-tiered. Pheno-
type biomarkers measure characteristics and traits based on which classification
can be made. Molecular biomarkers can measure and indicate genetic mutations
or circulating tumor cells. Finally, cross-tiered biomarkers integrate multiple levels
of biological information used for a more complex understanding of diseases. |81,

100]

Nowadays, biomarkers are starting to be uncovered by Al. It is easier to use
advanced algorithms to analyze huge datasets, rather than for doctors themselves.
AT can uncover more innovative and surprising connections. For these types of
tasks, it is extremely important to use explainable AI, so doctors can understand
how Al performed the detection. The process of Al integration into the biomarker
detection pipeline can be seen in Fig. These concepts show that it is important
and crucial to use Al for biomarker detection, as it can reveal relations that cannot

be seen at first sight. |8} |38]

11
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Figure 2.2: Biomarker detection with a use of Al
2.2 Digital Histopathology

The core thing we need to focus on and understand is the data that are generated
in the field of digital histopathology. These data are high-resolution digital images
of tissue sections. They are created with a multi-step process. A section of the
tissue is extracted, placed in paraffin, stained, and afterward sliced and placed
between glass slides In this phase, the slide can be scanned by scanners, so-
called whole slide image (WSI) scanners. After scanning, we have a digitalized

image of the tissue ready to process. This preparation step allows us to select a

task that arises from a problem that we are trying to solve.[68] [106)

12
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Figure 2.3: Diagram of the histological tissue processing [68]

2.3 Types of Tasks

The nature of the task reflects the problem that we are trying to solve. This creates,
especially in the field of histopathology, opportunities where different deep learning
tasks can be applied.

Classification is the first and most common task that is performed on data.
The main goal of classification is to assign a label to a data sample. This is espe-
cially important for computer-aided diagnosis and distinguishing between healthy
and non-healthy patients. Classification can be binary or multi-class, depending
on the nature of the problem and the number of classes to classify. From the
histopathology point of view, there is a vast number of research problems where
classification can be applied, such as the classification of cells, tissues, tumors, or

different structures located in the tissue.|[63} 77|

Segmentation is another task that is also common in the field of medicine. The

algorithm in this task tries to assign a class not to the whole image but to each

13
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pixel of the image. This process outputs a segmentation mask, which divides the
image into parts that can be later analyzed and processed. This task is important
in situations when we do not just need to classify whether there is something, but
we also need the exact position and pixel-precise borders of the object. From the
histological point of view, segmentation can be used for the segmentation of cells,
tissue types, tumors, and more. These segmented objects can be used for precise

quantification, understanding of tissue structure, or further analysis.|98) [27]

Detection is a similar task to segmentation, but in this task, we do not need
pixel-wise classification. We only need to know where the object is located. This
is especially important for the localization of regions of interest. Detection is
represented as bounding boxes surrounding the object. In histological images,
detection can be used for counting and locating cells, locating tumor zones, or

even identifying events in the tissue.[27, 5

Image Generation is also an important task when it comes to the domain of
histology. At first sight, it may not be obvious where it can be applied, but it has a
crucial role. Generation of histological images is important when it comes to one of
the main problems of histology, data. In situations where we lack annotated data,
synthetic data with labels can be generated. Because of this, image generation is
used in the field of histopathology for generating labeled data or even generating
different types of image stainings.[67, [105]

2.4 Challenges

The complexity of histological images comes with its own challenges, and it is

important to be aware of them when working with these data.[47]

14
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Not Enough Annotation is a core problem in digital histopathology. Creating
annotations is time-consuming and highly domain-specific. The problem stems
from the pathologist’s lack of time to create annotations. Making annotations is
not part of their main job, which makes this even more complicated. Because
of that, the vast number of created datasets is small, which makes deep neural
network training harder. In these situations, techniques like self-supervised or

active learning are used.[42]

Image Size is one of the first challenges when it comes to histopathological data.
The common size of one WSI is 100 000x100 000 pixels, which makes it hard to
process. Because of this, preprocessing techniques like tiling or patch extraction

need to be applied. |50, |106]

Image Staining is another challenge that comes out of the histopathology data
nature. Each laboratory uses different scanners and different staining intensities,
which creates different colors of digitized data. Even if we had the exact same
tissue slide and it would be stained and scanned in different laboratories, it would
be different. Because of this, stain normalizations need to be used when processing

these data.[50} [L02]

Tissue and Cell Variability is a challenge that is highly connected to the
features of histopathological images. They contain a vast amount of fine details,
which are invisible to the untrained eye. Differences in shape, size, and appear-
ance across patients, organs, and types of diseases make generalization highly

difficult.[102] [58]

Explainability and Trust is one of the most significant challenges. In many

situations, pathologists make life-changing decisions. When deep learning enters

15
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the decision-making process, it needs to be explainable; pathologists need to know
how it decided, and the system also needs to be trustworthy. The main problem is
that in most deep learning applications, these requirements are not met. Even the
pathologist is not able to provide their insight directly into the application, which
makes these applications limiting and unreliable.[103} |35] 31|
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Chapter 3

Deep Learning

Nowadays, deep learning has a leading role in the progress of technologies in nearly
all sectors of everyday life. Some of the fields where deep learning is applied are
more robust and some of them less. One of the biggest of all of them is the medical
sector. In medicine, deep learning is facing a vast amount of problems. Few of
them are prejudiced doctors on weakly interpretable results of used models, a small
amount of data for training, and a huge amount of feature-rich data|75]. Especially

histological data, which are one of the most complex and feature-rich.|82]

The primary method of processing histological data is the use of deep neural
networks. These neural networks are used for tasks like segmentation, object
detection, or classification. For extracting features and classification, state-of-the-
art networks such as convolutional neural networks and transformers are used.
Both of them might be supervised or self-supervised.|82| This highly depends on

the amount of data that we have for training.

All the mentioned architectures work with a so-called latent space, which they

also create|73|. This space is a low-dimensional representation of the input data.

19
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The architectures that are most widely used for creating these low-dimensional

representations are encoders.

3.1 Convolutional Neural Network

Convolutional neural networks (CNNs) are one of the most used models in image
processing. They are used for classification, object detection, or recognition tasks.

These models automatically learn the hierarchical features of the image.[101]

yln] = (@« k)] = Y xlm]h[n —m] (3.1)

For this process, convolution, whose equation can be seen in Eq. [3.1] is used.
The core parts of this equation are x[m|, which represents the input signal, and the
hin — m] representing kernel. The parameter n is also important and represents

the output time index.[25)|

ko k
u=—kv=—k

The second implementation can be seen in Eq. which represents a con-

volution layer. The equation is derived from cross-correlation. The [I[u,v] part

represents the image, and the K[i — u,j — v] represents the kernel, where u, v, j

and ¢ represents input image and kernel pixel locations.[104]

Most CNN architectures contain four main layers: convolution, pooling, acti-
vation, and a fully connected layer. An example of this architecture can be seen
in Fig. [3.1] The convolution layer is the core component of the network; it applies

a filter (kernel) to the data, which creates feature maps. The pooling layer is
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used for down-sampling the image while preserving the most important features.
The activation layer adds non-linearity to the network and controls the signal flow
between layers by applying an activation function to the output of each neuron.
The last fully connected layer is used for performing the final classification of the

extracted features. |55

Another advantage of convolution is that it can be used in a fully-convolutional
network, which allows the model to process input of various sizes and classify image

regions or even individual pixels.

1024
512

Kernel size(5x5) Kernel size(3x3) Kernel size(3x3) Kernel size(3x3) Kernel size(3x3)

Input image
(124x124)

Max pooling
size(2x2) Fully Connected

Figure 3.1: Example of convolution neural network

3.2 Vision Transformers

With the occurrence of transformers used for natural language processing tasks, the
question arises whether this type of architecture can be used for computer vision
tasks. It turned out that not only can transformers be used for image processing,

but in some cases, they even achieve much better results than state-of-the-art
CNN [iT6

The architecture of vision transformers is not much different from ordinary
transformers. The main difference is that the vision transformer does not contain

a decoder part, which the ordinary transformer contains. The encoder, the part
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that remains, is made of seven different components: image splitting into patches,
patch embedding, normalization, multi-head attention, skip connection, and multi-

layer perceptron. The whole architecture of the vision transformer can be seen in

Fig. 3.2 [32, [108)]

Vision Transformer (ViT) Transformer encoder

MLP
head

Transformer encoder

| |
P > @ﬁ' @5 @5

:%‘""11?33,‘::[1.";. [ Lmear prO_]CCllOl‘l of ﬂattened patches
INE | [ L |
g%g—»@ﬂli@ﬁ!ﬁﬂﬂ

Embedded
patches

Figure 3.2: Example Vision Transformer architecture |116]

Image splitting to patches converts a whole image into a sequence of flattened
patches, similar to tokens in original natural language processing transformers.
The concept is not about convolving over local receptive fields like CNNs do, but

about operating over fixed-size image tokens in sequences.

Patch embedding can be divided into two main components. It combines
normal patch embeddings and positional embeddings, so the spatial dimension is
not lost. Overall, patch embedding is responsible for projecting patch vectors into

a higher-dimensional embedding.

Normalization in the context of vision transformers is an important compo-

nent. It is responsible for training stability, convergence speed, and overall model
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performance. This is done by normalizing input data or activations so they have

a standardized distribution.

Multi-head attention is the core concept of transformer architecture. This
block lets the model capture different parts of patches and capture global depen-
dencies. Each head of this attention block is responsible for capturing different
relations and contextual patterns. Behind each attention head is a calculation of
attention, which can be seen in Eq. [3.3] The value ) means query, question to
the token. Another value K represents the key, corresponding to the answer to
the token question. The third component V' represents the core meaning of input
embedding. At the end, value d represents the dimensionality of query and key
vectors. [108]

Attention(Q, K, V) = softmax (Qj(;> 1% (3.3)

Skip connections are the same technique that was introduced in the ResNet
architecture. Their goal is to improve the flow of gradients and avoid the vanishing
gradient problem. In other words, they help the model learn identity maps and

support the gradient flow in deeper architectures.

Multi-layer perceptron is the last layer of the vision transformer architecture.
It processes the output of the encoder containing multi-head attention and enriches
feature representations. Another property provided by this layer is non-linearity

and higher capacity for feature transformation.

The main advantages|32] of vision transformer architecture beside CNN’s are:
e Does not contain inherent biases like CNNs
e Architecture is more flexile
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e EBasily adaptable for downstream tasks
e Capture global dependencies

e Does not sacrifice spacial resolution on deeper layers
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Chapter 4

Feature Space

In recent years, a vast number of deep neural network architectures have been de-
veloped, but only a few of them are focused on explainable and controlled working
with the latent space. Latent space is an important part of deep learning because
it contains all important features. Working with these features is a core concept
when it comes to a better explainable model, especially in the field of histopathol-
ogy. Understanding these features encoded in the latent space is the first step in
understanding how the model has decided. Because of this, latent space undergoes
dimensionality reduction, which makes it easier to visualize and also interpret.[91,

36]

Interpretable latent space is a core element in the domain of histopathology,
but it is not easy to generate. Most representative latent spaces are produced by
encoder architectures through the process of creating a lower-dimensional repre-
sentation of the input. However, due to the unknown and complex nature of this
process, which is a crucial drawback in the field of medicine, an extensive area for

research has emerged.|36, 36, [57]
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4.1 Encoders

The encoder architecture is a special type of neural network architecture used to
transform input, such as text, images, or audio, into low-dimensional representa-
tions. This representation is also called latent vectors or embeddings. These latent
vectors together create the latent space, which contains the most important fea-
tures of the input data. Usually, encoders are paired with decoders, which perform

the opposite task and convert the latent vector back to the original image.|13]

These types of architectures have a number of crucial problems. The first
problem is an information bottleneck. In this stage, the encoder compresses data
into a fixed-size latent vector, which often leads to the loss of important informa-
tion. Another problem is that these models commonly suffer from overfitting and
poor generalization, especially those with deep architectures. Additionally, these
models often suffer from poor interpretability, which is a common issue when work-

ing with latent vectors. |13, [23]

4.1.1 Autoencoders

Similar to encoders, autoencoders share a common concept with them. They
contain two separate parts: an encoder and earlier-mentioned decoder, which is
responsible for reconstructing the input data from latent vectors. For this task,
they use a special reconstruction loss, typically implemented as mean squared
error. An example of this architecture can be seen in Fig. Autoencoders
are commonly used for tasks such as dimensionality reduction, noise reduction,

anomaly detection, and as part of generative models.|13]

Most of the problems that ordinary encoders have can be addressed by au-
toencoders and their variants. For the information bottleneck, 5-Vae can be used,

which creates richer representations. To address overfitting and poor generaliza-
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Encoder Decoder
Latent Space
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Figure 4.1: Example of autoencoder architecture [95|

tion, denoising autoencoders are employed, as they can learn a large number of
features. Interpretability can be improved with disentangled autoencoders, which

create a more separate and interpretable latent space.|13] [23]

4.1.2 Variational Autoencoders

Variational autoencoders are derived from ordinary autoencoders. The core dif-
ference between variational autoencoders and autoencoders is that variational au-
toencoders introduce probabilistic modeling. This allows the model to generate
new data similar to what it was trained on. The architecture is primarily used for

tasks such as the generation of images, sounds, or text samples.|73]

The key ideas behind variational autoencoders can be divided into three parts.
The first part is the representation of encoded inputs in the latent space as a proba-
bility distribution. This gives the model more generative power, creates a smoother
and more continuous latent space, and improves generalization. The second part is

the reparametrization trick, which helps the model with backpropagation because
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sampling from a distribution is not differentiable. The last part is its loss function,
which consists of two components. One is the reconstruction loss, which measures
the difference between input and output, and the second is the Kullback-Leibler
divergence, which pushes the learned distribution to be closer to a standard nor-
mal distribution. All of the mentioned components can be seen in Fig. [4.2] which

together represent the architecture of the variational autoencoder.|30, 41|

Input Image Reconstructed Image

Encoder Decoder

Latent Space
Feaix

T g94(2 | x) Z —>  p(x|2) —

Ellx

Standard Devaition

T Reconstruction Loss 4+ KL Divergence ‘

Figure 4.2: Example variational autoencoder architecture [95]

Overall, the model samples random points from a Gaussian distribution, feeds
them into the architecture, and generates new data from them. Another advantage
of this architecture is the well-structured and continuous latent space, which makes

it more disentangled and representative.

4.2 Latent Space

Latent space is one of the most important concepts in deep neural networks, and it
is highly connected to data features. It is a low-dimensional space that represents
high-dimensional complex data. Latent space is created by neural network layers,

mostly autoencoders. The process of latent space creation can be seen in Fig.
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The advantage of latent space is that it represents the most important features
of the data. However, individual features are not obvious in the latent space and

need to be identified through experiments to determine which part of the latent

space represents which feature.[73]

8p09 juaje
g y
/ Decoder \

High-dimensional Low(er)-dimensional High-dimensional
manifold of images latent space manifold of images

Figure 4.3: Process of the latent space creation |74

The whole concept of interacting with latent space is promising and can be
beneficial not only for the interpretation of features but also as an option to modify

individual features in the domain of histology, where data are rich in features.

[10]

4.3 Feature Importance

The most interesting and complex part of the latent space is the features embedded
within it. In the past, feature extractors were hand-crafted, which made them
easier to interpret but, on the other hand, time-consuming to create. Nowadays,
deep neural networks perform this much faster but at the expense of explainability.

Features carry information such as shape, color, texture, and more. It is not easy
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to clearly determine which part of the latent space is responsible for which feature,

as can also be seen in Fig. [4.4[91]

The core problem is that features inside the latent space are entangled. Be-
cause of this, it is not trivial to extract and modify a single feature in the latent
space, as a change in one feature can affect others. This entanglement makes
working with features challenging. A crucial task in the medical domain is to de-
termine how to unravel the connections between features and understand how they
are related. The similarity of these features can be measured using the distances
between them in the latent space. Some techniques for calculating these distances

include the Euclidean and Mahalanobis distances.[91, (93]

Shape
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Size - Tongue

Input

Figure 4.4: Visualization of disentangled latent features

4.3.1 Mahalanobis Distance

As mentioned, it is common and crucial to calculate the similarity of individual
points in latent space distributions. Unlike the Euclidean distance, which treats
each feature equally, the Mahalanobis distance accounts for the variance and cor-

relation of the data. In Equation [9.15, S=! represents the inverse of the covariance
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matrix, ensuring that features with large variance contribute less to the distance.
The second term, p, represents the center of the distribution. This equation en-
sures that distance is calculated relative to the center of the distribution rather
than the origin. A visual representation of how the Mahalanobis distance works
can be seen in Fig. [4.5] where it is clearly shown that the distance aligns with the
data distribution and does not rely on a fixed radius.|70, |26]

Dar(x) = v/&x = 7S 1(x — ) (4.1)

Euclidean Mahalonobis

y y
e oo )
ooooo e ° ° ®oo0
e 00, ©

OO @ ° ° ) OOO Oo
o ° ®.0 © e ©© e o o o
00 © ° o

e © o o

X X

Figure 4.5: Difference between Euclidean and Mahalanobis distance [18]

Mahalanobis distance is mainly used in classification problems where there
are several highly correlated groups, and features or classes have different spreads.
It also handles scale differences and is sometimes used for outlier detection. Based
on these properties, Mahalanobis distance tends to be highly advantageous in the

medical domain, where features are often strongly correlated.

4.4 Dimensionality Reduction

Histological images contain a vast number of features, some of which are easier

to detect and some harder. However, it is not a trivial task to determine which
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features are the most important. In high-dimensional space, data become sparse,
and distance measures like Mahalanobis lose their meaning. These are a few of the
reasons why dimensionality reduction is used. Other purposes for using dimension-
ality reduction include addressing the curse of dimensionality, reducing overfitting,
improving computational efficiency, enabling visualization, and reducing noise. |97,

3

Methods of dimensionality reduction can be divided based on the type of data
they process. The first are linear methods, which rely on the linear structure of
the data and assume that important structure lies on or near a linear subspace.
The most common examples of linear methods are principal component analysis
and linear discriminant analysis. The second are non-linear methods, which aim to
unfold or flatten the curved structure of latent space into a low-dimensional one.
Examples of these methods include t-distributed stochastic neighbor embedding
and uniform manifold approximation and projection. In addition to these methods,
neural network architectures such as encoders are also used for dimensionality

reduction and feature extraction.|97]

Principal Component Analysis is one of the best-known linear methods used
for dimensionality reduction. It transforms a dataset with correlated features into
a set of linearly uncorrelated features, also known as principal components. It uses
an orthogonal linear transformation to project data onto a new coordinate system.
This transformation ensures that the first component has the highest possible vari-
ance, and each succeeding component has the highest possible variance while being
orthogonal to its preceding component. These calculations are performed using
the eigenvalues and eigenvectors of the data covariance matrix or through singular
value decomposition. A visualization of this method can be seen in Fig. [4.6][16,
1)
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Figure 4.6: Example of PCA dimensionality reduction|4]

Uniform Manifold Approximation and Projection is, on the other hand,
one of the best-known non-linear methods. By its nature, the algorithm preserves
both the global and local structure of the data, making it effective for the visu-
alization of high-dimensional data. Some of these visualizations can be seen in
Fig. [4.7 The algorithm first constructs a weighted k-nearest neighbor graph to
capture the local structures. After this, it optimizes low-dimensional embeddings
to preserve the topological structure of the graph. Another advantage of UMAP
is that it effectively scales to large datasets.[40 [69]

Dimensionality reduction is not only advantageous, but some of its aspects
need to be carefully considered. Loss of interpretability when features are trans-
formed, unclear meaning of new features, or potential loss of important features are
some of these aspects. Because of this, it is important to carefully decide when to
use it. Appropriate moments is before clustering or classification, for noise reduc-

tion and visualization, or when features are redundant and highly correlated.
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Figure 4.7: Data visualizations after dimensionality reduction with UMAP method

4.5 Interpretable Latent Space

Interpretable latent space gives us the opportunity to understand the decision-
making process of neural networks. The most important question is: when can we
say that a latent space is interpretable? A latent space is considered interpretable
when its dimensions and directions align with meaningful, human-understandable
concepts. This state of the latent space can also be described as a disentangled

latent space.|56, 91|

If each latent dimension corresponds to a known attribute, we are able to
understand and trust the entire model. By increasing the interpretability of the
latent space, we can say that the model’s transparency and usefulness also in-
crease. From the perspective of medical imaging, a fully interpretable latent space
unlocks the potential for discovering patterns and connections between features,

both known and unknown to pathologists.[91]
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4.6 Disentanglement

The main goal of disentanglement is to encode variations of features into separate
latent variables. FEach of these variables can represent different features, such
as shape, color, or texture. The aim of disentanglement is to enable changes in
individual latent channels, which results in the modification of a single feature.

By altering these separate feature vectors, different aspects of the image can be

changed. An illustration of this process can be seen in Fig. [4.8][56)

Eyeglasses +

Age + Age +

Figure 4.8: Changing of feature vectors of latent space trained on faces

There are a few benefits that disentanglement provides. Invariance is one of
them. It is easier to extract representations that are invariant because they can
be easily marginalized along dimensions. The second is transferability, which
makes a disentangled latent space more suitable for transfer learning since all
features are separated along the dimensions. Another benefit is that human experts
can assign their domain-specific meaning to individual dimensions, which is called
interpretability. The last is conditioning and intervention, which allows

interpretable conditioning over a subset of the latent space.|56]

The creation of latent space as a whole and the creation of a disentangled
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latent space are two different processes. When creating a disentangled latent space,
several constraints need to be considered. Techniques for creating a disentangled
latent space can be grouped into three categories: architectural approaches, data

augmentation, and supervision with loss functions and regularizations.

4.6.1 Architectural Approache

Regarding the first technique, the architectural approach, we need to examine the
individual parts of neural network layers. The structure and design of the neural
network are modified, which enforces the creation of a structured latent space.
This approach determines, through the architecture, how the latent space will be

compressed, separated, and organized.[56, 60, 73|

Some types of these architectures are, for example, autoencoders, which
create latent space directly in the bottleneck part of the architecture. Another
type is capsule networks, which are less common. These networks group neurons
into capsules, where each capsule serves as a cluster for a single feature [89]. The
last type is the so-called disentangled representation network, which contains

multiple branches or heads, each learning different features.

4.6.2 Data Augmentation and Supervision

Another technique, data augmentation and supervision, is also used. It focuses on

two different topics.

The first one is controlled augmentations. Controlled augmentation focuses
on applying specific sets of transformations, such as rotation, color normalization,
or scaling. The goal of this approach is to force the model to learn these specific
features from the augmentations and to connect the original image with its aug-

mented sample. This creates a latent space that understands that a single object
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can have different features while still corresponding to the same class.|60, 11|

The second aspect is contrastive learning [24]. The only requirement for this
technique is to have two types of samples: positive and negative. These samples
force the model to separate the latent space so that it can distinguish between
positive and negative samples and determine which cluster a newly embedded
input is closer to. This is useful in situations where we can explicitly define what

positive and negative samples look like.

4.6.3 Loss Functions and Regularization

At first sight, the loss function and regularization may seem like separate concepts,
but in the context of disentanglement, this is not entirely the case. In the process
of creating a disentangled latent space, these two components complement each
other. The core idea is that the loss function is divided into a main loss function
and regularizations. The role of the main loss function is to define the primary
objective of model training, allowing it to solve the overall learning task, such
as reconstruction or classification. In addition to the main loss function, regu-
larizations act as auxiliary components. They add constraints or preferences to
the model, such as desired shapes and properties of the expected latent space.[11}

30]

b6-VAE Loss is a modification of the standard variational autoencoder loss,
which is designed to create a disentangled latent space. Tho only one addition
is the hyperparameter S which controls the trade-off between reconstruction accu-
racy and disentanglement, by increasing [ also increases disentanglement. Look-
ing at Eq. [1.2] the first part Lppra(¢, B) = —Egng,(zlx) l0g po(x[2) is the recon-
struction loss, controlling how well the output is reconstructed. The second part

Dk (gs(z|x) || pe(z)) represents how close the approximate posterior is to the
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prior, as measured by the KL divergence.|114]

Lrrra(®, ) = —Eungy(ax) 108 po(x[2) + BDxr (¢4(2]x) || po(2)) (4.2)

FactorVAE Loss is an extension of the base variational autoencoder, with the
main difference being that it directly penalizes the total correlation of the latent
space. This means it accounts for the dependency between latent features in the
latent space. The primary goal of this loss function is to achieve a disentangled
latent space with independent latent features. In Eq. TC(z) represents the

penalization of total correlation, which can be weighted by the hyperparameter

v.151)

Lraciorvan = Eq(zpn[log p(z[2)] = Dxw(q(z]2) [| p(2)) =7 - TC(2) (4.3)

Contrastive loss 1is a simple loss function that pulls similar input latent rep-
resentations closer to each other, and different representations are pushed away.
Because of this, the core part of the loss function is the calculation of distance.
In Eq. distance is represented by D. The parameter y is also important,
as it acts as a switch between pulling embeddings together and pushing them

apart.|30|

L=y -D*+(1—y) max(0,m — D)? (4.4)

Triplet Loss is a function similar to contrastive loss, where the function is
calculated with samples. But in this loss function, we don’t have just two samples
but three: anchor, positive, and negative. The goal of this function is to make the

distance between the anchor and the positive sample smaller and anchor and the
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negative sample bigger. In Eq. can be seen two parts, first ||f(z.) — f(x,)|3
representing the distance between anchor and positive. The second part || f(x,) —
f(x,)||% representing the distance between negative and anchor. Moreover, in the

equation is parameter « representing the least wanted margin.|36]

L =max (|| f(za) — f(@p)[13 = | f(za) = f2n)3 + , 0) (4.5)

Magnet Loss has a similar concept as a triplet or contrastive loss. However,
it uses a bit smarter approach. It is designed to learn better class-wise sepa-
ration and intra-class compactness. The advantages of this method are that it
uses clustering to model class distribution, push samples closer to the cluster cen-

troid, and separate them from other centroids. Looking at Eq. it contains

1

— 555 ||f(2) = pe()||?, which produces normalized distance between embedded in-

put and cluster centroid. The numerator represents the distance between the input
to its corresponding cluster, and the denominator represents the sum of distances

between all clusters.|[85]

(e (@) — )
£ = 1g<zmu) exp (—#Hf(x)—uj!P)) (46)

Orthogonal Jacobian Regularization is a regularization method that shape
the Jacobian matrix to be orthogonal, which helps to avoid entangled and re-
dundant features. Another advantage of this regularization is that it helps avoid
mode collapse and preserves the manifold structure. Looking at Eq. 4.7, J means

Jacobian matrix, I represents identity matrix.[113|

Low =777 1| (4.7)
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4.6.4 Latent Space Interpretability Metrics

Creating a disentangled latent space is important, but without proper metrics to
measure whether disentanglement was successful, we cannot draw any conclusions.
For this reason, a large number of different metrics have been developed. These
metrics can be divided into two main categories based on the data they require.
The first category requires labels, including metrics such as mutual information
gap and disentanglement, completeness, and informativeness. The second category
does not require labeled data, with metrics such as the Silhouette score and the

Davies-Bouldin index.[19, 62|

Mutual Information Gap also called MIG is a strong indicator representing
how much each latent dimension captures factors of variation, like shape, texture,
and colour, while penalizing redundancy. It measures mutual information between
true factors and latent features. Another thing, that is also measured, is how well
the model aligns latent dimensions with generative factors. In the Eq. three
core parts can be seen. The first part I(v;,,z;) — max;.;, [(v;,2z;) represents
mutual information calculation between first and the second most informative
latent feature. In this part, v;k represents positive match and the v; represents
candidate negative samples. The second part + L is responsible for normalization

and the last = Zk | perform averaging over all factors 162]

1%%( 1(wm) - max () (1)

P i J# Ik

Disentanglement, Completeness, Informativeness in ashort DCl is a set of
three complementary scores, which provide an understanding of how well the rep-
resentation captures the ground true generative factors. Disentanglement, which

can be seen in Eq. measure if each latent dimension influences only one latent
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factor. In this equation are three important parameters R;k representing impor-
tance score, H; representing entropy and [ogK representing maximum possible
entropy. Completeness in Eq. measures if each factor is explained by one
latent dimension. In this equation is important parameter Q§k), which represents
the importance score of the latent variable j for predicting factor k. And the in-
formativeness, shown in Eq. represents how well latents predict all factors.
The score(vg, 0) part in an informativness metric represents the computation of

model performance.|33|

K
1 H;
Disentanglement = Z <E Z Rl-k> : <1 — logJK) (4.9)
j=1 k=1
K (k) (k)
1 . ¥ 10 N
Completeness = v kz:; <1 - 2 Qiog dg < ) (4.10)
| K
Informativeness = e ; score (v, Uy,) (4.11)

Silhouette score is the metric that is most commonly connected to cluster
quality. In the topic of latent space, similar factors form clusters. This metric
tells how well each point fits into its own cluster in comparison to other clusters.
In Eq. can be seen two main parts b(i), which represents minimum average
distance between point ¢ and all points in any other cluster. The second part is
a(7), which represents the distance between point 7 and all other points in the same

cluster.|87]

(4.12)
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Davies—Bouldin Index is the last mentioned metric, which measures the qual-
ity of the cluster. It is possible to detect intra-cluster similarity, which represents
how compact each cluster is. And inter-cluster difference, which represents how
well separated the clusters are. Looking at the Eq. can be seen that three
distances are calculated. The first distance A(C;) is the average distance of all
points in cluster i from its centroid. The second distance A(C;) is the average
distance to the other cluster. And the §(C;, C;) represents the distance between

the centroids of cluster ¢ and cluster j.|78|

K

4.6.5 Challanges of Disentanglement

The most important aspect of working with latent space is understanding its prob-
lems and challenges. By being aware of them, we can aim to address these issues
or at least account for them. Some of these challenges include identifiability and
impossibility, the role of inductive biases, interpretability and utility, and, lastly,

assumptions about factors.|60, 61|

Identifiability and Impossibility is the first challenge, highlighting a funda-
mental limitation of disentanglement. According to this problem, it is not possible
to create a high-quality disentangled latent space using only unsupervised train-
ing. For the same data, an infinite number of disentangled spaces exist, making
it difficult to determine which one is the best and most valuable. This challenge
indicates that relying on random chance is insufficient, and some form of inductive
bias is essential. This can be introduced through model architecture, changes in
the training process, or modifications to the data. A few studies have achieved

reasonable results with unsupervised learning, but very specific model classes are
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required.

Interpretability and Utility encompass the concept of disentanglement. This
concept suggests that humans can distinguish between different features, which in
turn implies improved generalization. However, results show that no clear reduc-
tion in complexity is achieved. Different disentanglement metrics often disagree
on which model is best for creating a disentangled latent space. Because of this, it
is difficult to determine what disentanglement truly means, whether it generalizes

better, and whether the model is more interpretable in certain domains.

Assumptions on Factors relates to the core concept of disentanglement, which
is the separation of individual features. The problem is that in real-life scenarios,
features are often correlated. In situations where features are correlated and the
model attempts to disentangle them, disentanglement may not be applied cor-

rectly.
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(Generative Neural Networks

In recent years, generative neural networks have become more and more popular
in the field of image generation. They are used in multiple areas such as multime-
dia, art, autonomous driving, and medical imaging. In the medical imaging field,
these networks are used for tasks such as synthetic data generation, image recon-
struction, inpainting of missing or corrupted regions, and modality translation.|88|

89

The main diagram representing different types of generative neural network
architectures can be seen in Fig. [5.1] From the diagram, it can be observed that

each architecture offers two advantages and one disadvantage.[121]

Generative adversarial networks have fast and high-quality sampling, but in
the field of histological images, where these images contain complex features and
fine differences, mode diversity becomes crucial. The main architectural feature
of GAN is that it contains two parts: a discriminator and a generator. From the
perspective of architecture training, the generator focuses on image generation,

while the discriminator decides whether the generated image looks real or fake.
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This means that the main goal of the architecture is to train the generator so
effectively that it is able to fool the discriminator into classifying the generated

image as a real one.|[48, (6]

In this work, we will focus primarily on variational autoencoders, because of
their ability to sample quickly while preserving mode diversity, and on denoising
diffusion models, which also preserve mode diversity but provide high-quality sam-

pling. These architectures will be further explained in the following sections.

High

Generative Quality }\ Denoising
Adversarial -~ ! Samples ", Diffusion
P 7 Models

Variational Autoencoders,
Normalizing Flows

Figure 5.1: Generative neural networks Trilemma [37]

5.1 Vector Quantized Variational Autoencoder

First, we will focus on the autoencoder architecture, as it serves a complementary
role to our main objective, which is synthetic data generation with denoising diffu-
sion models. The core principles of autoencoders were explained in Sec. [4.1.1] In
this section, we will focus on the VQ-VAE architecture and its ability to perform

the image reconstruction task, whose goal is to reconstruct the original image as
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accurately as possible. Autoencoders trained in this manner are commonly used in
denoising diffusion models to encode images into latent space and to decode noisy

latent representations back into images.

VQ-VAE is a generative model that works in a similar way to an ordinary
autoencoder. The only modification is the addition of a learned codebook, which
can be seen in Fig. This codebook is used for discretization of the latent space,

which gives the model three advantages.|107]
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Figure 5.2: VQ-VAE architecture diagram|107]

The first advantage is that the model creates a finite set of learnable em-
beddings, enabling quantization of continuous encoder outputs to their nearest
neighbors. This makes reconstruction less blurred. The second advantage is train-
ing stability, achieved by avoiding posterior collapse, since variance optimization
in the KL divergence is eliminated due to deterministic quantization. The last
advantage is that tokens represent semantic prototypes. Codebook learning with
exponential moving average (EMA) handles updates dynamically and supports

semi-supervised techniques.[107]
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5.2 Denoising Diffusion Models

Denoising diffusion models are one part of the mentioned generative model trilemma.
These models focus on high-quality sampling and mode diversity. The core con-
cept of sampling with DDMs is the noising and denoising process, inspired by
non-equilibrium thermodynamics. Another important concept is the Markovian
chain, which is parameterized and used for the forward diffusion process. This

process progressively adds Gaussian noise to the data until pure noise is obtained.

The forward and reverse processes can be seen in Fig. .
Forward(data — noise)
xe = (1 —a)xg +axr
r"' F ". _». :
e e E 4% E 4% % £ . ,
,— x¢ = (1 —a)Sg(x¢, t) + axy @
Reverse(data « noise)

Figure 5.3: Forward and reverse process of DDM|[117]

Forward process is a fixed Markov chain, which adds small Gaussian noise to

data. This process is represented by Eq.

q(xe|x1-1) = N (x5 V1 = Bixi—1, Bi1) (5.1)

where:
e X, is the image at timestep t in the diffusion process

e N(-;u,X) denotes a Gaussian (normal) distribution with mean p and co-

variance X
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e [, is the noise schedule parameter at timestep ¢, controlling the amount of

noise added at each step

Reverse process is the complementary part to the forward process. It begins
with noise p(xr) = N(0,I) and learns transitions to iteratively denoise the sample
back into a data. Training involves optimizing a variational bound on the negative
log-likelihood, often simplified to predicting the noise added during the forward
diffusion. The formulation of the reverse process is shown in Eq. [43]

po(thﬂXt) = N(Xt—ls Me(xmt)a Eg(xt,t)) (5-2)

where:
e X, is the noisy image at timestep ¢
e 0 denotes the learnable parameters of the neural network

e N(;pu,X) denotes a Gaussian (normal) distribution with mean p and co-

variance X

Markovian chain plays a role in both the forward and reverse processes. Marko-
vian chain represent that the transition depends only on the current state. This
process help to simplify the parametrization of (Gaussian conditionals when noise
is small, ensure trackable posteriors, allow closed form KL divergences in ELBO.
The reverse chain learnable parameters capture data distribution through sequen-

tial one-step predictions.|[43]

The key applications of DDMs include conditional generation of images and
audio, synthetic generation of medical images, drug discovery via molecular simu-

lation, and the creation of digital art.|109} 28]
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5.2.1 Denoisong Diffusion Probabilistic Models (DDPM) [43]

Denoising diffusion probabilistic models (DDPM), in comparison to ordinaty DDMs

focus on noise scheduling, model parametrization, training and sampling.

In DDPMs, the noise level is fixed using a specific linear or cosine sched-
uler. This allows the model to sample any noisy timestep from clean data using
a single formula. As a result, there is no need to simulate step-by-step noising

during training, which makes the process much faster.

Another modification in DDPMs is that they do not use mean prediction to
estimate noise; instead, they employ a UNET architecture. This makes training

simpler and improves the accuracy of noise prediction.

DDPMs use single efficient loss focused only on denoising quality across

all noise levels. This is achieved by ignoring of constant terms in the variational

bound. This equation can be seen in Eq.

Lgimple = E [He — ep(vaurxg + V1 — @te,t)HQ} (5.3)

where:
e FE[] denotes the expectation over the data distribution and noise
e € is the true noise that was added during the forward process
e ¢y(-,t) is the neural network that predicts the noise, parameterized by 6
e X, is the original clean image

e oy is the cumulative product of (1 — f3;) values up to timestep ¢, defined as

Qp = HZ:1(1 — Bs)

t is the timestep in the diffusion process
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This model also provides a concrete sampling procedure, which first gen-
erates pure noise, then computes the predicted mean for each of the 1000 backward
steps. A small amount of noise is added at each step to simulate the true posterior.

This process helps generate diverse and high-fidelity samples.

5.2.2 Denoisong Diffusion Implicit Models (DDIM) [96]

Further modifications of the DDPM led to the creation of DDIM. This approach

enables deterministic and faster sampling while preserving quality.

The first modification in this process is the non-Markovian posterior,
which allows skipping steps. The number of steps used can be flexible, which
can speed up sampling but may compromise quality. Another feature of DDIM is
that it has a deterministic option and can be executed either as DDIM or as

DDPM.

The equation used in the DDIM can be seen in Eq. This equation allow

process to be fully deterministic or stochastic.

Xt — V 1-— dteg(xt,t)

o = v (M

) + V1 — a1 —oteg(x4,t) +ovz (5.4)

where:
e X, is the noisy image at timestep ¢

e a; and a;_; are the cumulative products of (1 — f35) up to timesteps ¢ and

t — 1 respectively
e €y(xy,1) is the predicted noise by the neural network at timestep ¢
e z ~ N(0,1) is random noise sampled from a standard normal distribution
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e The third term o0,z adds stochastic noise, allowing for different sampling

trajectories

e When o, = 0, the process becomes fully deterministic (DDIM), and when

o > 0, it includes stochasticity

5.2.3 Pseudo Linear Multistep Methods (PLMS) [59]

Pseudo linear multistep method was build on top of DDIM. The main modification
of this architecture is its ability to use multiple previous noise predictions to better
estimate current noise prediction. These prevoius noise predictions are combined
in linear sum and produce higher order estimation of the noise. The equation of
the k-th order calculation can be seen in Eq. [5.5] PLMS provide much smoother
and accurate trajectory at lower step counts. It also provide sharper edges, better

global structure and also fewer "burn" artifacts.

k—1
egPLMS) _ Z W€ (5.5)
i=0

where:
e ¢;_; are the previous noise predictions

e w; are fixed coefficients derived from the Adams-Bashforth method, which

determine the weight of each previous prediction

5.2.4 Inpainting with Diffusion Models

Image inpainting, also called image completion, is a task that focuses on filling in
missing regions of an image. From a computational perspective, this task can also

be seen as pixel-conditioned generation. The goal is to create an image that looks
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natural and is free of any synthetic artifacts. Inpainting can be applied to various
tasks, such as restoring damaged photos, removing unwanted objects, or generating
content behind masked parts of an image. Historically, GANs were mostly used

for this task, but this architecture had multiple problems.[52,

Problems introduced by the use of GANSs include the fact that models were
trained on specific mask types, which limited their ability to generalize. Addition-
ally, these models often generated simple, incorrect, and blurred regions rather

than semantically meaningful content.[64]

RePaint method was developed to address these problems. It proposes using
a pretrained unconditioned DDPM-based architecture as a prior, which applies re-
verse diffusion on unmasked pixels, allowing the model to fill in unknown regions.
The key idea is to alter the sampling routine so that known image pixels are re-
injected at each reverse diffusion iteration. This enables the model to achieve
high-quality and diverse inpainted images. Another modification is the addition
of a special resampling mechanism, which introduces extra forward and backward
diffusion steps to refine consistency and improve alignment. An example of in-

painting with multiple sampling steps can be seen in Fig. [5.4/[64]

Figure 5.4: Image examples of using repaint with multiple different sampling

steps|[64]
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5.2.5 Semantic Mask-Conditioned Generation

Semantic mask-conditioned generation is a method for synthetic image generation.
In this method, the model generates an image conditioned on a semantic layout,
allowing us to specify which structures should appear in which regions. Unlike
inpainting, it does not require matching any original image pixel by pixel. Con-
ditioned generation is ideal in situations where control over spatial structures is
needed and no image reference exists. This method is mostly used in tasks such as
scene synthesis and medical imaging, where images need to be generated based on

annotations or for data augmentation. An example of semantic mask-conditioned

generation can be seen in Fig.

Real Mask Generated

256x256

128x128

Figure 5.5: Example of conditioned histology image generation|14]

Models used for conditioned generation include GANs and DDMs. Nowadays,
DDMs are more commonly used because of their ability to generate globally co-
herent images and more diverse outputs. DDMs can employ multiple conditioning
mechanisms, with the three most common being: spatial conditioning, where the

image is pixel-wise aligned with the semantic mask; semantic embeddings, where
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each class is mapped to learned embeddings; and soft/hard conditioning, where

the model is guided (soft) or forced (hard) to generate the conditioned image.[46),

110]
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Chapter 6

Explainability

The main question is why deep learning requires explainability. The answer is
straightforward: in some cases, doctors remain concerned to use Al due to its lim-
ited explainability and concerns regarding generalization. Deep neural networks
are often perceived as black-box systems, which decreases trust in their decisions.
Nevertheless, clinicians are interested in using these tools to speed up diagnos-
tic workflows or highlight abnormalities that might be difficult to detect visually.
Another fundamental issue is that patients have the right to understand how de-
cisions affecting their health are made, particularly when they rely on Al-driven
predictions. Combined, these factors make explainability in medical Al indis-
pensable, reinforcing the need for continual development of methods that improve

transparency and interpretability.[20, |90} 103

When a model fails in a critical setting, providing a clear explanation is often
necessary. However, terminology used to classify explainability methods is not
fully standardized, which leads to inconsistent naming across the literature. De-
spite these differences, explainability techniques can generally be divided into two

groups based on whether they are applied before or after model training. Post-hoc
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methods are applied retroactively, meaning they attempt to explain decisions after
a model has been trained. In contrast, ante-hoc methods focus on interpretability
by design. Models are built inherently transparent, making their decision pro-
cess understandable from the start. A more detailed overview of explainable Al

techniques is illustrated in Fig. |20, 65, 44|

Explainable Al

Methods

Post-hoc methods Ante-hoc methods
Self-interpretable
_>{ Grad-CAM Neural Networks I(_
-
Layer-wise Relevance Activation
Propagation L Maximization

p
Saliency Maps Deconvolution J(—

ﬂ

Occlusion Sensitivity

Figure 6.1: Diagram of explainable AT methods

6.1 Post-hoc Vizualization Methods

The post-hoc method can be integrated more easily than ante-hoc. It provides
an explanation after the model is trained, which creates a big advantage since the
model does not need to be adjusted directly. These methods are model-agnostic,
which makes them easy to implement on any model. Post-hoc methods are often
more adaptable, and their impact can therefore be much greater if they are able

to provide accurate explanations.|65]
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On the other hand, at first sight, the problem with post-hoc can be overlooked.
A vast number of post-hoc methods exist, but each of these methods provides
different accuracy of relevancy maps. In a situation like this, a problem with the
reliability of these methods arises. This problem needs to be accounted for when
working with these methods. Some of the well-known post-hoc methods are, for

example, Grad-CAM or LRP.[65],

6.1.1 Grad-CAM

The first post-hoc method is Gradient-weighted Class Activation Mapping, known
as Grad-CAM. It is an explanation technique designed for CNN-based neural net-
works. Grad-CAM visualizes and highlights the image regions that contribute
most to the final prediction. In practice, the output is a heatmap that is most

often overlaid on the original image, as shown in Fig.

Grad-CAM

A man is sitting at a table with a pizza

Figure 6.2: Visualization of Grad-CAM map

a mathematical point of view, the process of heatmap generation can be divided

into two main parts. The first part is the extraction of importance weights, which
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can be seen in Eq.[6.1}] We first calculate the gradient y© with respect to the feature
map A of a convolution layer, on which global average pooling is applied. This
calculation obtains weights «af. The second step is to calculate the final Grad-
CAM heatmap, whose equation can be seen in Eq. [6.2] This calculation represents
a simple weighted combination of feature maps, followed by the ReLU activation

function.|92]
. 1 oy°
RO o

L¢ oqoan = ReLU (Z @;Ak> (6.2)
k

The advantages of using Grad-CAM are that it increase explainability of the
model’s decisions, it helps with potential debugging of model performance by vi-
sualizing the regions that contributed most to the prediction, and improve model

trustworthiness.

6.1.2 Layer-wise Relevance Propagation

The second post-hoc technique is Layer-wise Relevance Propagation, or LRP. This
technique is similar to Grad-CAM, but the core difference is that it focuses on
visualizing fine-grained input attributes, as shown in Fig. [6.3] It operates by
propagating the prediction backward through the neural network. This process is

controlled by a set of carefully designed propagation rules.|71]

Looking at LRP, from the mathematical point of view. For providing of
explanation of the equation, which can be seen in Eq. [6.3] we need to focus on j
and k. The j represents layer [ and the k represents the layer [+ 1. Moving to next
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LRP explanations
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Figure 6.3: Visualization of LRP map |71]

part, z;, represent contribution of neuron j to neuron k. The last important part
Ry, represents the propagation relevance score of the higher layer. By calculation
of the provided equation can be obtained R;, which represents the relevance score
for layer j, which can be visualized as a relevance heatmap for the corresponding

layer.[71]

Zjk
R; = ; > Ry (6.3)

The advantages of this method are similar to Grad-CAM, but there are a few
differences between the these methods. LRP makes it possible to visualize more
fine-grained attributes, which can be advantageous in the field of histology, where
images contain many fine details. It also works with higher resolutions and is
not limited to CNN architectures, but can be applied to any deep neural network
architecture. Overall, LRP may be better in certain cases than Grad-CAM, but

both methods are used for different suitable use cases.

6.2 Ante-hoc Methods

Ante-hoc methods, or intrinsic methods, are approaches that focus on changes in-

side the model architecture, rather than only processing the output of the model.
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This makes these models transparent and interpretable from the beginning, mean-
ing they are internally understandable to humans without any additional expla-

nation tool.[65, [84]

It is also worth mentioning the problems with this method. From the deep
neural network perspective, the integration of ante-hoc methods can cause a de-
crease in model accuracy, creating a trade-off between accuracy and explainability.
Additionally, applying these methods makes models more robust and complex,
which can lead to performance issues. The last problem is that, even though this
method aims to improve explainability, it can still be complex, and cognitive over-
load for users may remain high. Examples of ante-hoc methods are self-explaining

neural networks and prototype networks.[84]
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Chapter 7

State of the art

The current state of research in the field of latent space, feature vectors, encoders
and generative networks is rapidly advancing. Many papers focus on these topics.
Encoders such as variational autoencoders, vector quantization autoencoders, and
beta-variational autoencoders are showing exceptional results in creating represen-
tative and disentangled latent spaces. And on the other sides denoising diffusion

models show exceptional results in synthetic image generation.

A few architectures, such as Bag of Queries, aim to integrate the most impor-
tant features directly into the training process. This idea is powerful and has great
potential. However, the problem with these approaches is that the features are not
sufficiently explainable and cannot be easily understood. The integration of fully
understandable features into the architecture and forcing the model to focus on
them is not yet well-researched. That is why we do not know which architecture
and approach will be best for our proposed solution, but we can draw insights from

papers on similar topics.
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7.1 BoQ: A Place is Worth a Bag of Learnable
Queries [7]

This work proposes an architecture called Bag of Queries. Although the architec-
ture focuses on place recognition tasks and accurately matching locations, it can
also be beneficial in other fields. Using this architecture, universal place-specific
attributes can be captured in the form of learnable queries. These input queries
are directly integrated into the architecture via cross-attention. In addition, a
special attention block is implemented, which provides explainability within the
architecture and can generate saliency maps. One of the advantages of this ar-
chitecture is the possibility of using different backbones, such as CNNs or Vision

Transformers.

The whole architecture, shown in Fig. is divided into three main parts:
backbone, encoder, and learnable queries with cross-attention. The backbone is
responsible for extracting local features. Afterwards, a cascade of encoder blocks
performs sequential refinement of the output from the backbone. In the final step,
learnable queries perform self-attention to integrate shared information into the

training process.

xL

Backbone - c Encoder  b——F—+tSe

(@Je) Q

Learned

Self-Attn

Cross-Attn

Figure 7.1: Architecture of Bag of Queries

In this work, multiple datasets were used, each containing various formats of

street views from different angles. They include different environments, lighting
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conditions, weather, perspectives, and even some historical grayscale images. Some
of the most well-known datasets used are MapillarySLS (MSLS), Pitts250k, and
AmsterTime. Overall, the combination of all datasets contained over 300 000

images in different resolutions.

The training process mentioned in this work was performed only with the
GSV-Cities dataset. The Multi-Similarity loss was used as the loss function, and
AdamW was used as the optimizer. The hyperparameter setup included a batch
size of 4, a learning rate of 0.0002—0.0004, and 40 epochs. All images were rescaled
to 320x320 pixels, which was also innovative, as all state-of-the-art works were

trained with higher resolutions.

Multiple experiments, in which the main metric was recall, were performed.
The experiments can be divided into three main parts. The first tested the use
of the self-attention block, which showed that the model’s recall clearly increased.
The second experiment, varying the number of BoQ blocks, showed that it is ideal
to use four BoQ blocks. The last important experiment focused on the back-
bone architecture. Results show that the best backbone is the vision transformer-
based architecture DINOv2. Overall, the results indicate that using BoQ achieves

the best recall compared to state-of-the-art architectures, as can also be seen in

Fig.

. Pitts250k-test MSLS-val SPED Nordland*

Method Dim.

R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10 R@1 R@5 R@10
AVG [6] 2048 78.3 89.8 92.6 73.5 839 858 58.8 77.3 82.7 15.3 274 339
GeM [41] 2048 82.9 92.1 943 76.5 85.7 88.2 64.6 79.4 835 20.8 33.3 40.0
NetVLAD [6] 32768 90.5 96.2 974 82.6 89.6 92.0 78.7 88.3 914 326 47.1 533
SPE-NetVLAD [55] 163840 89.2 953 97.0 78.2 86.8 88.8 73.1 85.5 88.7 25.5 40.1 46.1
Gated NetVLAD [58] 32768 89.7 959 97.1 82.0 88.9 914 75.6 87.1 90.8 344 504 577
Conv-AP [3] 4096 924 974 984 83.4 90.5 923 80.1 90.3 93.6 38.2 54.8 61.2
CosPlace [11] 2048 92.3 974 984 87.4 93.8 949 75.3 85.9 88.6 544 69.8 759
MixVPR [4] 4096 942 98.2 98.9 88.0 92.7 94.6 85.2 92.1 94.6 584 74.6 80.0
EigenPlaces [12] 2048 94.1 979 98.7 89.2 93.6 95.0 824 914 94.7 54.2 68.0 73.9
BoQ (Ours) 4096 95.0 984 99.1 91.1 94.8 95.7 85.4 93.1 954 69.5 83.4 87.0
BoQ (Ours) 16384 95.0 98.5 99.1 91.2 95.3 96.1 86.5 93.4 95.7 70.7 84.0 87.5

Figure 7.2: Results of Bag of Queries architecture
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7.2 Weakly Supervised Vector Quantization for Whole
Slide Images Classification [94]

The second work focuses on multiple instance learning. This is a weakly supervised
learning approach, where data are structured into labeled bags, each containing
multiple instances. In the domain of histology, this can be explained as follows:
if a single tumor-positive instance is present on a slide, the entire slide is labeled
as positive. This is especially important when processing histology images, which

have very high resolutions and require vast computational resources.

When processing histological images, it is important to compress smaller tiles
into embeddings and process them. The problem with current pre-trained vision
encoders is that the generated embeddings are not task-specific and contain signif-
icant noise, which results in poor discrimination between tumor and healthy tiles.

One of the technologies that targets these problems is VQ-MIL.

The core concept of the VQ-MIL architecture is derived from the VQ-VAE
architecture. The main difference is the replacement of the reconstruction loss
with a weakly supervised slide-level classification loss. The second difference is
the replacement of the decoder with the MIL model. From an architectural point
of view, VQ-MIL can be divided into three parts, as shown in Fig. The first
part is the vision encoding model, which divides the WSI into tiles and converts
them into embedded vectors. The second part is the vector quantization module,
which encodes embeddings into the nearest codewords of the vector quantization
codebook. These encoded codewords are then passed to the final part, the MIL

model, which aggregates all codewords and makes the prediction.

Two different datasets were used in this work. One was Camelyon16, which

contained 400 whole-slide images, divided into 270 training slides and 130 test
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Vision Encoding Module Vector Quantization codebook
Module

N tiles Vision Encoder N embeddings B N embeddings N codewords

Slide linear

Prediction head ® Attention Module

slide embedding MIL Module

Figure 7.3: VQ-MIL architecture

slides with pixel-level annotations. The dataset includes slides with breast cancer
metastases in lymph node tissue. The second dataset, TCGA, includes WSIs for
two major lung cancer subtypes. It consists of 1 054 slides, all at 20x magnifica-

tion.

The training process was performed on cropped tiles of size 224x224 pixels.
A ResNet50 was used as the encoder, and AdamW served as the optimizer with a
learning rate of 0.0001. The batch size was 1, due to the vast amount of details
in the histological images. Overall, the model was trained for 400 epochs on
Camelyon16 and 100 epochs on the TCGA lung cancer dataset. The metrics used

in the experiments were accuracy and AUC.

Ablation studies performed with VQ-MIL show that the optimal codebook
size is 32 and the best pseudo-bag size is 256. Overall, results of this method
compared to state-of-the-art architectures like DTFD-MIL, TransMIL, or CLAM
show that VQ-MIL performs best and is superior in both accuracy and AUC. A
comparison of the results can be seen in Fig.
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Model Accuracy AUC

ABMIL 0.8474 (4+0.021) 0.9111 (£0.021)
CLAM 0.8676 (£0.036) 0.9489 (£0.013)
TransMIL 0.8877 (4+0.057) 0.9618 (40.027)
DTFD-MIL 0.8809 (£0.022) 0.9349 (£0.012)
Ours 0.8884 (4+0.016) 0.9647 (4+0.010)

Figure 7.4: Results of experiments with VQ-MIL compared to state-of-the-art
results

7.3 Enhancing Interpretability Through Loss-Defined
Classification Objective in Structured Latent

Spaces [36]

In this work, the proposed architecture is called Latent Boost. The architecture
works with latent representations of the data. With this method, the authors
aim to focus on explainability and transparency in a classification task. Latent
representations are a promising solution to achieve this, as they contain rich infor-
mation about the processed data. However, this approach faces several challenges
that the work aims to address. The creation of latent space requires specific
guidance to ensure that similar representations are clustered together. Another
challenge is overall domain generalization, because latent representations can differ
significantly between domains. The authors in this paper attempt to solve these

problems.

The data used for experiments in this work consisted of three different datasets.
One was Fashion MNIST, containing grayscale images of 10 categories at a reso-
lution of 28x28 pixels. The other two datasets were CIFAR-10 and CIFAR-100,

containing colored images of 10 and 100 classes.

From an architectural point of view, the core aspect is not a change in the
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deep neural network architecture, but a change in the loss function. With this
modification, the authors can integrate conditions on the latent space structure

into the training process. The full architectural concept of the proposed solution

is shown in Fig.
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Figure 7.5: Flow of the latent boost approach

The first experiment shows a combined weighted loss function divided into
two separate parts. These parts can be controlled with the hyperparameter A,

which balances the weight of each part.

Cross-entropy loss is the first and core part of the loss function. This loss
is responsible for computing the weighted sum equation for multi-class classifica-

tion.

Distance metrics loss is a combination of four different loss functions used as
regularization for structured latent space construction. The first, contrastive
loss, minimizes the distance between similar pairs of samples and maximizes

the distance between different ones. The second, triplet loss, ensures that the
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positive-to-anchor distance is smaller than the negative-to-anchor distance. The
third, n-pair loss, is similar to triplet loss but uses multiple negative samples in-
stead of one. The last, magnet loss, is responsible for optimizing data grouping
into clusters. It penalizes samples based on the distance to correct and incorrect

cluster centroids.

In the training process, the model architecture used for CIFAR-10 was VGG-
16, and for CIFAR-100 it was ResNet-50. Both experiments used the same setup
of 10 epochs, the Adam optimizer, and applied early stopping. The metrics used

in these experiments were accuracy and Fl-score.

After experiments with multiple loss functions, the final workflow combines
the application of PCA for dimensionality reduction, calculation of individual clus-
ter variation, and then calculation of magnet loss with cross-entropy loss. Results
of this final method are shown in Fig. [7.6] where an increase in accuracy and a
decrease in the number of epochs can be clearly seen. In addition to these met-
ric evaluations, visualization of latent representations was also performed, which

clearly shows a better-structured latent space.

Dataset Metric Baseline Magnet Latent Boost w/o PCA Latent Boost Improvement (%)

Accuracy 88.59 +0.15 89.52+0.34 88.12+0.29 90.86 + 0.21 2.56%

Fashion MNIST Micro-F1 0.8867 + 0.002 0.8946 + 0.004 0.8971 + 0.004 0.9038 + 0.005 1.93%
Nr. Epochs 40.67 £4.19 37.67+6.18 34.86 +£4.26 34.67 £ 3.09 -14.76%

Accuracy 85.88 +0.40 87.36 + 0.82 88.12+0.47 88.44+0.28 2.98%

CIFAR-10 Micro-F1 0.8586 + 0.0042 | 0.8738 +0.0081 0.8811 +0.0040 0.8843 + 0.0024 2.99%
Nr. Epochs 76.33 + 8.65 72.67 +1.70 71.94£3.72 66.33 + 4.50 -13.09%

Accuracy 61.77 +£0.49 62.75 £ 0.51 63.05 +0.52 63.04 +0.48 2.06%

CIFAR-100 Micro-F1 0.6163 + 0.0064 | 0.6256 + 0.0057 0.6218 + 0.0059 0.6288 + 0.0051 2.03%
Nr. Epochs 86.67 +9.46 69.67 + 8.73 69.23 + 8.92 68.67 + 6.02 -20.74%

Figure 7.6: Results of the latent boost architecture
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7.4 Scaling Vision Transformers to Gigapixel Im-

ages via Hierarchical Self-Supervised Learning

(HIPT) [22

The core concept of this work is to process multiple resolutions and features of the
whole slide image. Tt decompose processing into hierarchy of transformers operat-
ing at different spatial scales, what can be seen in Fig.[7.7 This approach results in
preserving of global features and reduce computational demand. Resolution levels
can be divided into three main parts. First are 16x16 patches capturing cellural
features and micro-structural patterns. The second 256x256 patches capture cel-
lural organizations and the last 4096x4096 capture whole tissue phenotypes. This
sequencial processing allow model to capture in top-level transformer fine details

and know whole concept.
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Representatlon Representatlon Representation
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Global Pooling [CLS] Gilobal Puollng [CLS] Global Attention Pooling ]
L k3 k3 kY kY
ViTase- 13( =8, h=6, d=: 334) ViTak-256 (nﬂ h=6, d=" 192) ViTwsi-4096 (n=2, h=3, d=192) ]
I I I I
Per-Cell MLP Per-Patch MLP Per-Region MLP J
]! I 1 b
4 4

215 'f"ﬁ .
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7

Cell-Level Aggregation

Hierarchical 256 px /AW& ”‘ﬁ’%ﬁ’ﬂ? = il v.m@._/ /
Pretraining Patch-Level Aggregation 4096 px//jr // 7/—<7Frr//“ﬂ7£// J
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DTokens D Attention Window Region-Level Aggregation

Figure 7.7: HIPT architecture

The dataset used in this work contains 10 678 weakly annotated WSIs of
multiple cancer types. From these, around 400 000 patches of size 4096x4096

were extracted for transformer pre-training. Images were collected from multiple
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medical centers, with variability in scanners and staining protocols. This dataset

structure and its features are suitable for training a generalizable model.

Training of this architecture can be divided into multiple parts. The first
part is pre-training of the patch-level transformer. This transformer is pre-trained
in a self-supervised manner using contrastive learning on augmented views. This
self-supervised training framework is called DINO. Training is performed at mul-
tiple scales to learn both fine details and global structures. After this training, the
models are frozen and only the embedding aggregator is trained. The model was
trained with the AdamW optimizer and survival cross-entropy loss. This hierar-

chical training strategy significantly reduces GPU memory usage.

The final output of the architecture is embeddings, which contain both global
structures and fine details. These embeddings can then be used for multiple down-
stream tasks, such as survival prediction or identifying unique morphological phe-
notypes with heatmaps. These heatmaps can be seen in Fig. Overall, the
results and comparison of this architecture to other state-of-the-art solutions can
be seen in Fig. [7.9. From these results, it is clear that the HIPT architecture
achieves the best c-Index compared to other state-of-the-art models across multi-

ple datasets.

4096 x 4096 Image Region ViTsx-256: Stroma Regions

Figure 7.8: Heatmap results of HIPT architecture
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Architecture | IDC CRC CCRCC PRCC LUAD STAD

ABMIL[ ] 0.487 £0.079 0.566 + 0.075 0.561 &+ 0.074 0.671 £ 0.076 0.584 +0.054 0.562 & 0.049
DeepAttnMISL [ (] | 0.472 £0.023 0.561 +0.088 0.521 +0.084 0.472+0.162 0.563 £0.037 0.563 + 0.067
GCN-MIL[ ', 0.534 £0.060 0.538 +£0.049 0.591 £0.093 0.636 £0.066 0.592 +0.070 0.513 & 0.069
DS-MIL[ ] 0.472+£0.020 0.470+0.053 0.548 = 0.057 0.654 £0.134 0.537 +0.061 0.546 £ 0.047
HIPT 0.634 £ 0.050 0.608 + 0.088 0.642 + 0.028 0.670 & 0.065 0.538 £ 0.044 0.570 + 0.081

Figure 7.9: HIPT architecture results and comparisons

7.5 ZoomLDM: Latent Diffusion Model for multi-

scale image generation [118]

The last work we want to highlight is ZoomLLDM. This architecture is a diffusion
model used for large-image domain generation at multiple magnifications. It aims
to solve problems such as failure to capture global structures and the wider context
of images in the field of image generation. The architecture can be divided into
two main parts, as shown in Fig. [7.I0] The first part is SSL embedding extraction
using a pretrained and frozen HIPT architecture. The second part uses these
embeddings and summarizes them to project into the cross-magnification latent
space. These embeddings are further used as a condition when generating patches

from 256x256 to 4096x4096.

Dataset Extraction Model Training

SSL Embeddings 1024
- 2 A 512
§ £ E & Cross-magnification
« 3 | Latent Space
§ 3 (I
Large Image 1024
SSL [ &
/| | SeYennd A T
Multi-scale Image - A 20x
SSL Embedding Pairs 1024
o Latent
==l __ Diffusion Model

ZoomLDM 4~

Figure 7.10: ZoomLDM architecture diagram
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From the dataset point of view, the authors used a multi-scale histopathologi-
cal dataset from TCGA-BRCA at eight different magnifications, ranging from 20x
to 0.15625x. A total of 1136 whole-slide images were used to prepare the dataset
by creating patches of multiple resolutions, such as 256x256 or 1024x1024. Core
challenges with this dataset include data imbalance and the small number (2500)

of low-magnification patches.

In the training process, a latent diffusion model with a UNET architecture was
used, pretrained on ImageNet and conditioned by magnification and summarizer
embeddings. The encoder used is VQ-f4, and the summarizer is implemented
as a 12-layer vision transformer. The training process used a standard LDM-style
noise schedule and the Adam optimizer with a 10~ learning rate. The conditioned
diffusion model was trained separately as a diffusion model. Weight sharing across

all scales was also applied during training.

From the experimental point of view, ZoomLDM achieves state-of-the-art FID
and visual quality across multiple magnifications, as shown in the synthetic samples
in Fig. It is clearly evident that the architecture can preserve both global and
local tissue structures. Looking at the table shown in Fig. [7.12] it can be seen that
the architecture was validated on two datasets, on which the model demonstrates

state-of-the-art results.

Figure 7.11: Synthetic samples generated with ZoomLDM
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Method Conditioning TCGA BRCA BACH
SSIM 1 PSNR 1 LPIPS| CONCH 1 UNI1|SSIM 1t PSNR 1t LPIPS| CONCH 1 UNI 1
Bicubic - 0.653 24.370 0.486 0.871 0.524 | 0.895 34.690 0.180 0969 0.810
CompVis [38] LR image | 0.563 21.926 0.247 0.946 0.565 | 0.723 27.278 0.206 0.954 0.576
ControlNet [48]| LR image | 0.543 21.980 0.252 0.874 0.563 | 0.780 27.339 0.276 0.926 0.721
Uncond 0.591 23.217 0.260 0.936 0.680 | 0.739 29.822 0.235 0.965 0.741
ZoomLDM GT emb 0.599 23.273 0.250 0.946 0.672 | 0.732 29.236 0.245 0.974 0.753
Inferemb | 0.609 23.407 0.229 0.957 0.719 | 0.779 30443 0.173 0.974 0.808

Figure 7.12: Results of the ZoomLLDM architecture

7.6 Summary

on TCGA and BACH dataset

The mentioned papers |7, 94, 36, [L18] [22] cover five different topics, but all are

closely related to the concept of latent space. It is difficult to draw a clear conclu-

sion about latent space, as it remains an open research task, as these works have

shown. Latent space can be seen as a labyrinth that hide all important features,

with the explainability contained within it. State-of-the-art solutions indicate that

performing research in this direction can be highly beneficial and may lead to new

and innovative discoveries regarding the relationship between global and local fea-

tures, particularly in biomarker detection and synthetic data generation. This is

especially relevant in the field of medicine, where this research direction is not yet

fully explored, despite the enormous importance of the features.
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Chapter 8

Our Approach

Biomarker detection, in the context of cancer detection, is one of the most impor-
tant topics. For our approach, we aim to create a model that focuses on biomarker
detection with the assistance of AI. Our approach can be divided into three main
parts: integration of global-local relations into the architecture, creation of a con-

trolled synthetic validation dataset, and preservation of the system’s interpretabil-

ity.

The first part we propose is the integration of global-local relations into
the neural network architecture. Enabling this feature makes the neural network
model aware of image context and allows it to reason more deeply and complexly,
especially in the context of histological images, which contain complex relations

between different parts of the image.

The second part focuses on controlled synthetic validation dataset. This
pipeline creates conditioned, related synthetic patches that are combined to form
a complete whole-slide image. It allows us to evaluate whether the model captures

important relations and enables hypothesis-driven validation of AT model.
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The last complementary part to the global-local relation-aware model is in-
terpretability. We emphasize this topic because of its critical importance in the

medical domain.

Overall, in our approach, we focus on creating a model that is able to detect
different global and local features across a whole-slide image, even if these features
are far apart. To validate this model, we aim to create a controlled synthetic
validation dataset. We also focus on developing a prediction model in an inter-
pretable way and validating it using heatmaps produced by the same biomarker
detection model. All the mentioned parts are further explained in the following

sections.

8.1 Approach Overview

We analyzed the pathologist’s point of view and identified the core concepts we
want to focus on. Based on this theoretical analysis, we can now propose a practical

solution that addresses these concepts.

For a better understanding of our proposed sollution, we firstly need to ana-
lyze Fig. [8.1) which represents the common pipeline of biomarker detection. This
process has multiple problems. In this process are used datasets, which are weakly
annotated and not fully interpretable. When it comes to people out of the domain,
these datasets are huge bottleneck in terms of understanding and even working
with them. The second problem is the Al system, which makes predictions. These
systems are black boxes, focusing mostly on processing of local patch level features,
and in most cases, the training process is not interpretable. By combination of
these datasets and Al system we get not-interpretable results and training, what

makes these system not reliable and hard to use in clinical environments.
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INPUTS INFERENCE OUTPUTS

BCSS
Dataset

Al-Driven Not
Biomarker Interpretable
Detection Results

BRACS
Dataset

fx) =y
Figure 8.1: Current approach of biomarker prediction

As these problems were mentioned, we propose our solution, which focuses on
addressing and resolving these problems. The global perspective of our proposed

solution can be seen in Fig.

Input Stage Main Processing Spine Outcome Stage
BCSS Al-driven biomarker prediction ' Interpretable
Dat t = Train / (global-local context) / Detection + visualization | biomarker
atase : results

i

evaluate Yy
y o : »| Explainable outputs
:> (e.g., heatmaps)

BRACS
Dataset

; o Supports / validates:
Supporting Validation Branch concept sensitivity

Controlled synthetic
validation dataset

Defined by semantic masks
(expert-specified layout)

= Standard / Baseline components

= Proposed synthetic validation branch
= Standard training/data flow
= Concept sensitivity validation flow

Figure 8.2: Proposed approach for biomarker prediction, where blue part rep-
resent proposed solution for AI model focused on global-local relations and
green part represent proposed controlled synthetic validation dataset used for
hypothesis-driven validation

The first part consists of an Al model that focuses on the fusion of local and
global relations. This model is trained on weakly supervised datasets. We want

the model to learn these relations, but since whole-slide images will not be fully
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annotated, the use of weak annotations is crucial for applying this model in real-life

scenarios.

After the model is trained on a weakly supervised dataset, we need to val-
idate whether it can learn and highlight complex relations. To achieve this, we
propose the generation of a controlled synthetic dataset based on defined rules.
This dataset is crucial for two purposes: one is model validation, and the second is
improving data understanding for Al developers outside the medical domain. By
generating datasets according to specific rules, developers can validate their mod-
els for multiple tasks. Validation can be challenging in cases with limited data.

The proposed generation pipeline aims to address these problems.

The final step of our proposed pipeline is to use the embeddings from our Al
model as inputs for various downstream tasks. The first downstream task, which
we propose, is the detection and visualization of histopathological biomarkers using
heatmaps. This pipeline not only aids in data understanding by incorporating
global and local features into the model but also produces interpretable predictions,

which are crucial for pathologists.
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Chapter 9

Al-driven Biomarker Prediction

The main part of the proposed solution for Al-driven biomarker prediction is
the architecture so-called Relation-Aware Hierarchical Image Pyramid Transformer
(RA-HIPT). The architecture of the proposed solution can be seen in Fig. It

processes two resolutions of histological images.

The first global context branch, containing the HIPT architecture, processes
images of size 4096x4096. By sequentially processing all patches of the whole-slide
image, we obtain an embedding representation of the entire slide. By applying a
feature selection and projection, we get smaller embeddings of the most important
features of the whole-slide image, which can be further processed in the dual-
branch attention module of vision tansformer aggregator block. This branch has
two options how HIPT can extract embeddings: embeddings of 4096x4096 patches,
but also embeddings of smaller 256x256 patches. In experiments we will evaluate

both options.

The second local evidence branch processes patches of size 256x256. These

are processed by a vision transformer with two distinct modifications. The first
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modification is the replacement of multi-head attention with dual-branch atten-
tion. This dual-branch attention is further described in Sec. [0.2l The second
modification is a custom-optimized loss function, which is further explained in
Sec. On top of this base model we propose third adjustment, which is graph
based regularization, proposed in a Sec.

Global Context Branch

Frozen HIPT Encoder #K
Region Feature K
~»>| Sampler —| 15 [a095] || Selection&
(4096x4096pXx) il Projection |V >

Class Logits

L(DuaI-Branch RA-HIPT Transformer Block\ tCh-Pe’ilCh
Relation

Local Evidence Branch (CTBJ:Q Zrt‘tn) ;
Patch Patch | @
Whole Slide E it
Image (WSI) > 232"5')':3" el ;Irs;:; 1 patch-region
56x256px q
e R BOOOEC kv | (Seltat) [Attention Heatmaps|
A J T —
4
—————————————————————————————————— !
: Loss Aggregator Por >
| ] 1
: Tissue Loss Relation Loss :_ e : Patch Embeddings
: Lip L focal, ['curiosityy [fglobal ) Lumahalanobis :
)

Figure 9.1: Al-driven biomarker detection and visualization pipeline, using RA-
HIPT architecture

9.1 Whole Slide Embeddings Extraction

The embedding extractor is an important part of the architecture. Its role is to
extract global features of whole-slide images, which are in most cases lost during

slide processing.

HIPT architecture is a suitable choice for performing the mentioned global fea-

ture extraction. It processes 4096x4096 patches hierarchically from bottom to
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top. It starts with 16x16 patches, then processes 256x256 patches, and finally
processes the full 4096x4096 resolution. Through this processing, embeddings are
aggregated. This process produce embeddings representing both local and global

features.

Linear projection of the most important features is important because
processing the vast number of embeddings corresponding to all 4096x4096 patches
of a whole-slide image creates a tensor of huge size. Working with this tensor
directly would be resource- and memory-intensive. Therefore, we use linear pro-
jection. Before applying linear projection, embeddings need to be normalized.
Multiple normalization techniques, such as simple flattening, mean pooling, or
attention pooling, can be used. In our experiments we focus only on mean pool-

ing.

9.2 Vision Transformer with Dual-Branch Atten-
tion Mechanism

The whole prediction of the patch is performed by a vision transformer. This
transformer does not have any significant modifications besides the replacement of
self-attention with dual branch attention module. This module is divided into two
brancher: tissue branch and relation branch. The proposed block also connects

these two parallel branches with gated fusion to aggregate their attentions.

9.2.1 Tissue Branch

The tissue branch uses ordinary multi-head self-attention, as is used in transformer,
over patch tokens. This branch is used to capture structures, relations and features

within local patches. Its role is to preserve local structural context of slide. During
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Figure 9.2: RA-HIPT transformer block with relation (cross-attention) and tissue
(self-attention) branches

training of this branch we use tissue-attention loss function that focus attention
on tissue regions and suppresses attention on background. This objective is done

with the help of pseudo-mask supervision.

9.2.2 Relation Branch

The cross-attention, contained in the relation branch, provides the vision trans-
former with the ability to focus on relations between the currently processed patch

and the most important feature embeddings of the whole-slide image. The equa-
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tion of the used cross-attention can be seen in Eq. An additional advantage
provided by the cross-attention is that it enables the creation of heatmaps of dis-

tinct feature heads, which addresses the interpretability problem.

The cross-attention mechanism is defined as follows. Given patch queries q €

RB*Naxd and WSI embeddings k, v € RP>Nkxdwsithe computation proceeds as:

KT
CrossAttention(q, k, v) = Proj (Reshape (softmax (Q ) V)) (9.1)
Vdp

where the intermediate computations are:
e Q =qW, (patch queries)
e K = Expandy v, (kW},) (WSI keys, expanded)

e V = Expandy y (VW,) (WSI values, expanded)

9.3 Attention Module based Custom Optimized Loss

Function

The loss function represents the main regularization component. The whole loss
function with all its regularization terms is shown in Eq.[9.2] By using this custom
loss function, we target multiple important latent space features and can adjust the
neural network’s latent space based on our needs. The loss function is composed
of three parts: tissue branch regularization loss, relation branch regularization
loss and latent space regularizations. The relation branch regularization loss can
be seen more detailed in Eq. All of these functions are adapted versions of

existing mathematical functions.
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£t0tal = )\tﬁtissue + /\T'Crel + )\h»chead—div + )\eﬁentropy (92)

Lrel = )\f‘cfocal + Acﬁcuriosity + )\gﬁglobal + Amﬁmahalanobis (93)

Head-diversity regularization prevent attention-head collapse in the relation
branch. We penalize high similarity between raw per-head cross-attention maps.
Let A € RB*HXNaxNr he relation-branch attention weights, where H is the number
of heads. For each sample and each head, attention is flattened and f>-normalized,
and pairwise cosine similarity is computed. Only similarities above margin m are

penalized:

1
Lhead—div = — Z [max((), COS (éhl, éh2) — m)} 2 (94)

<l (h1,h2)€Q
where O contains all unordered head pairs and m is the similarity margin.

This encourages heads to attend to different relation patterns and improves inter-

pretability.

Attention-entropy regularization is addition to head diversity. This regu-
larization term focus on the entropy of relation attention and to avoid too much
uniform or sharp attention. For relation branch attention A, entropy is computed

with the main dimension:

H(A) =— i: Aglog(Ax + €) (9.5)

then normalized by log(XV,) and matched to a target entropy ratio r:
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Lentropy = (li((gg — r)2 (9.6)

Tissue/Background Loss is supervised using a pseudo-masks, containing bi-
nary segmentation of tissue and backgroud. Let a € RP*YN be aggregated tissue
attention and m € {0, 1}P*" the tissue mask. The loss function is defined with
two core concept, the background attention decrease and the tissue attention in-

screase, defined as follows:

_ 1 Z —Zz 1 Qb (9.7)

z 1mbz+€

Zz L (1 — 1y ,)
Lig =5 Z (9.8)

s 1 (1 —myp,) + e

The tissue loss is then:

Ltissue = /\tissueLfg + /\bngg (99)

Adapted Focal Loss is a complementary regularization term for curiosity loss.
This term focuses on labeled patches. We calculate the focal cross-entropy loss
on patch predictions against their labeled classes, which trains our model to align
predictions with ground truth labels and provides the ability to classify. This loss
is calculated only over the masked subgroup of patches that are labeled. The
equation can be seen in Eq. [9.10]

N
1
Ltocar = N Z 1 —p,)" - CE(logits;, label;) (9.10)

93



Chapter 9. Al-driven Biomarker Prediction

where:
® . = pl(?beli is the predicted probability for the true class
e v = 2.0 is the focusing parameter

e CE(logits;, label;) is the cross-entropy loss

e N is the number of labeled patches

Curiosity Loss focus, in contrast, on the not labeled patches, which is a ma-
jority. The regularization term encourages the model to explore and learn from
ambiguous or uncertain patches, typically identified by uncertainty or entropy
measures. If pushes the model to remain uncertain where it lack knowledge and to

explore these regions more. The equation of this regularization term can be seen

in Eq.

M
1 .
Lcuriosity = _M Z H(p(j)) (911)
j=1

where:

o H(pW) = — Zle p§j> log(pgj) +¢€) is the entropy of the predicted distribution

pl) = softmax(logits;) is the probability distribution for unlabeled patch j

M is the number of unlabeled patches (where label = 0)
e ¢ = 107% is a small constant for numerical stability

C' is the number of classes

Global Loss focuses, on the other hand, on incorporating whole-slide embed-

dings into the training process. It enforces consistency between the whole-slide
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embedding and patch embeddings, ensuring that patch predictions align well with
the global slide representation. This provides slide-level context to patch features.
The equation of the global loss can be seen in Eq. where the loss combines
cosine similarity with an MSE term for feature matching. But the first important
step is that the local and global descriptors are mapped into a shared projection

space, what can be seen in Eq.

= exp(a;/7)
Ziocal = Z o;X;, Q; = N . ) (912)
i=1 > k—1€xp(ax/T)

where x; is the patch embedding, a; is the aggregated attention score.

g = norm(¢,(eysi)), 1 = norm(¢(Ziocal)) (9.13)

where ¢,, ¢; are learnable projection heads and norm(-) is ¢, normalization.

Lgiobal = Acos (1 — c08(8,1)) + Amsel|8 — 1/|3. (9.14)

Mahalanobis Loss focus on disentanglement of feature heads of cross-attention.
It calculates Mahalanobis distance, which can be seen in Eq. [0.15] beteween each
heads and try to maximize the distance. The hypothesis is that Mahalanobis dis-
tance is more suitable than Euclidian distance because it accounts for the variance
and correlation of the data, making it more precise for pushing of these feature
heads apart. Trade-off of Mahalanobis distance is that its computational cost,
because of computing of covariance and invariance matrices, so optimizations of

its calculation is crucial step. The equation of the Mahalanobis loss can be seen

in Eq. [9.16]
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dij = \/(f — £)TS1(E — 1)) (9.15)

where:
e d;; is the Mahalanobis distance between feature vectors ¢ and j
e f; and f; are feature vectors (typically from different attention heads)
e Y is the covariance matrix of the feature space

e Y !is the inverse covariance matrix

1
Lmahalanobis = T d@ 9.16
J
‘P| (4,7)€EP

where:
e P is the set of all pairs (7, j) of feature vectors (attention heads)
e |P| is the number of pairs in the set
e d;; is the Mahalanobis distance

e The negative sign ensures that maximizing distances corresponds to mini-

mizing the loss

9.4 Loss Scheduler

The loss function used for training in RA-HIPT is composed of multiple loss terms,
and each term has different goals. To maintain stability of training we use a loss
scheduler that changes selected loss weights at selected epochs. This follows a

specific evolving strategy: the model first learns a basic representation, and then
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stronger relation-focused features.

In implementation, the scheduler reads a list of parameters (epoch, parameter,
value) from configuration and applies these updates directly to loss function. This
gives us controll over optimization without changing model structure. For example,
we start with the focus on tissue branch and then after few epoch after the model
learns differences between tissue and background we can introduce the relation

focused loss functions.

The main advantage is: loss function is easier to tune, less noisy in early

epochs, and more robust when combining several complementary losses.

9.5 Self Supervised Learning

Besides weak-supervised mode, RA-HIPT also supports a self-supervised learning
(SSL) mode. This mode focus on training class labels and learns from similarities

between two augmented views of the same histology patch.

The SSL combines multiple concepts: alignment of views of embeddings, con-
sistency of views of relation and tissue attention, and support regularization terms
for diversity and stability. The goal is to learn representations so the similar aug-
mentations of the same image are processed as the same image, and also preserve

relevant tissue structure.

Even though SSL is not the main mode in our non-graph experiments, its inte-
gration is important because it helps the RA-HIPT architecture to learn structures

also with the big amount of labels.
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9.6 Graph Structure based RA-HIPT Modification
(Graph-RA-HIPT)

In this section we propose modification of the RA-HIPT architecture, focused on
graph based normalizations of attention and overall training process. The main
idea is to capture with these graph structures long-distance and also local relations
between tissue structures. For this reason as an complementary part we used this
graph based normalization with the relation branch of our proposed dual branch

module. The whole proposed modofication of the architecture can be seen in
Fig.
Graph-RA-HIPT uses three relation levels:

1. Patch-to-region relations from cross-attention (Gpr)

2. Patch-to-patch relations from tissue self-attention (Gpp)

3. Region-to-region relations predicted by a learnable module (Grg)

These three structured views provide context about the tissue patches and

their relations, in a form of graph edge connection.

Compared to the base non-graph version of RA-HIPT, this variant does not
only optimize classification focused relation losses, but also structure attention

graph made of attentions.

9.6.1 Graph Structure Based Regularization Module

The regularization graph structure is implemented in the graph relation loss pipeline.
It first converts attention outputs into adjacency matrices, this adjucencies repres-
nts edges of the individual graphs. So when produced attention weight value on

specific point is small, the relation (edge weight) is small and when the value is
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Figure 9.3: Graph RA-HIPT architecture

hight the relation is more relevant.

For region-to-region edges, we use a kernel-prior plus learnable correction design.
Each edge score is built from cosine similarity, negative ¢y distance, and an MLP
term. This gives a model ability to starts from interpretable geometric structures,

but still provide abality to learn more complex relations.

To improve robustness, the module also supports prevention of small random edge
noises of attention weights during training and optimized edge construction. This
helps to avoid early collapse of latent space and keeps long distance relations

active.

9.6.2 Graph Structure Focused Loss functions

The graph branch uses a weighted sum of multiple different loss terms, which
optimize the whole process of training. Each loss function term controls a different

property of the learned graph.
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For further purposes of explanation of the loss functions used let A, be patch-
to-region adjacency, A, patch-to-patch adjacency, A,, region-to-region adjacency,

X, patch embeddings, and X, region embeddings.

Classification loss focus on a supervised part of the training. It is implemented
by a cross-entropy classification term. The model predicts patch-level logits, what
provides supervised signal further optimized with the other graph regularization

terms explained in this section.

Formally, for logits z; € R® and class label y;, the loss is

N
1
Lgs = N ; CE(zi, ;) (9.17)

where N is the number of supervised predictions in the batch and C'is the number

of classes.

In our implementation, this term is active in graph mode as weakly super-
vised classification is enabled. The core idea behind this loss function term is
weak-supervision of the training so the model know on which features to focus.
This makes complementary traing term for shaping regularization of graph struc-

ture.

Edge sparsity focus on edges and its connectivity. It push graph structure to
make edges less dense and with the higher informativeness. The implementation

provide combination of edge mean penalty with entropy targeting:

Lsparsity (Ap’r‘) = {nean(Apr)j +6 (H(Apr) - Ht)ZJ (9 18)
Zl—like;arsity entrop;rtarget
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Graph diversity focus on a problem, which occured very ofter while trainig of
our mode. Different patches collapsed to identical connection profiles, what made
the represntation of graph structure not accurate. Because of this we proposed

loss function term, which aims exactly this problem:

Ldiv = Lcos—div(Apr) + Lvar—div(Apr) (919)

Embedding variance losses prevent collapse. It is done by regularization of

patch and region embeddings with VICReg-style variance /covariance constraints:

Lemb—var = Lvar(Xp) + Y Lcov(Xp)a Lreg—var = Lvar(Xr) + Yr Lcov(Xr) (920)

Head diversity force cross-attention heads to learn different patterns, so we

can also visualize these separate head for further explainabily:

1
Lnead-div = ] Z [max(0, cos(@y, , a,) — m)]” (9.21)
(hl,hg)Ep

Disentanglement into subspaces is a bit more complex concept. The idea be-
hind this is that the model will be able to learn more complex, non visible features
and relations, when we will be able to provide to model more separated embed-
dings. Because of this we disentangled each embedding to k different views, where
each represent different features of the patch. We selected 3 views by the default,
because of time constraints we were not able to experiment with different numbers
of views. Further, graph structure can form edges also between these views and

capture more fine grained relations between patches. These views should be also
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controlled by their own regularization terms, where we proposed two constrains:
within-view variance/covariance regularization (anti-collapse), and cross-subspace

decorrelation.

Let X, € RB*N*D "and V; € RP*N*5 he the k-th view. The loss is:

Ldisentangled = wwithin(Lvar—within + Lcov—within) + Weross Lcross—cov (922)

The term within views keeps each view informative, while the cross term penal-
izes covariance between different views, so each subspace captures different struc-

ture.

Total graph objective The final graph objective is:
Lgraph—total = Lcls + Lsparsity + Ldiv + Lemb—var + Lreg—var + Lhead—div + Ldisentangled
(9.23)

In experiments, not all components are enabled at the same time. We tune active
terms and their weights based on stability and collapse diagnostics, with the help

of the loss scheduler explianed in a previous section.
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Chapter 10

Controlled Synthetic Validation
Dataset

From the perspective of synthetic data generation, we need to focus on five main
concepts. These concepts can be seen in Fig. The first is the specific morpho-
logical concept. This concept is chosen by a domain or non-domian expert. Based
on these structures and data features, the user is able to create concept-based
data. These concepts are crucial to integrate for further AT model validations,
which will be done with the synthetic dataset. Starting with the first step of the
pipeline, we need to train a latent space, using encoder /decoder architecture, which
is trained on a reconstruction task. This model is crucial for the second step, which
is the training of the semantic-mask-conditioned diffusion model. By combining
the diffusion model and the provided morphological concepts, we can generate
interpretable synthetic patches. Therefore, these patches are generated they are
not stitched together to form one continous region, because of that we introduce
inpainting as a fourth step. Resulting these patches, we get controlled synthetic

interpretable WSIs used as a validation dataset with integrated concepts.
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Figure 10.1: Pipeline of controlled synthetic validation dataset generation
10.1 Overview and Pipeline

The pipeline shown in Fig [10.2| contains three parts.

First, an encoder—decoder provides a low-dimensional latent representation of

histology images.

Second is a diffusion model, which use latent space and conditioning with
a semantic mask. The random noise is sampled by DDIM sampler and mask
guidance, producing a new synthetic patch consistent with the specified tissue

classes.

Third, procedural region generation arranges multiple patches on a grid, de-
fines a binary mask, and runs RePaint inpainting in latent space so seams are
filled by the same diffusion model and semantic conditioning. This process cre-
ates a seamless synthetic conditioned region. Local structures comes from mask-
conditioned diffusion and global patch connections from inpainting at patch bound-

aries.
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Figure 10.2: Pipeline of controlled synthetic validation dataset genera-
tion. (1) Latent autoencoder (2) Semantic-mask-conditioned diffusion (3) Patch
stitching (Inpainting - RePaint)
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10.2 Latent Space (encoder—decoder)

The first step, shown in Fig. represents the encoder and decoder architecture.
This architecture is the starting point of our pipeline. It is trained to create
reconstructed images of real histological patches. The most important parts of
the architecture are the latent space and the decoder itself. With this decoder
applied to the latent space, we are able to generate image reconstructions from
latent representations. The architecture used in this step is VQ-VAE, which is

suitable for this task in terms of training time and reconstruction quality.

10.3 Semantic-mask-conditioned Diffusion

The second part of the architecture represents the semantic-mask-conditioned dif-
fusion model. The function of this model is to create synthetic histological patches,
which can be used in step three for further processing. Here, the focus is not image
quality but the correctness of generating structures in exact locations. We used
UNET architectures in our latent diffusion model for synthetic data generation.
A pathology concepts are represented as a semantic mask at image resolution.
One-hot encoding of labels was created and downsampled to the latent resolution,
creating conditioning c that enters the UNet together with the noisy latent z; and

timestep t.

10.3.1 Classifier-free Guidance

To strengthen inpact of the semantic map, we apply classifier-free guidance when
forming the noise prediction. Let €y(z,t,) denote the model with conditioning
dropped and ey(z,t,c) the fully conditioned prediction. The guided estimate

is
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g =¢eo(21,t,) +w (Eg(Zt,t, c) — eg(z, t, )), (10.1)

with guidance scale w > 1.

Only sampling uses Eq. [10.1, The training uses the standard conditional

objective with random dropout of c.

10.4 Inpainting (Repaint)

The final stage merges a grid of semantically conditioned patches into one synthetic
conditioned region and removes visible seams by inpainting. Patches from stage 2
are placed on a canvas in a regular grid. A binary inpainting mask m marks patch
interiors as known (m = 1) and bands along the grid lines as unknown (m = 0).

RePaint-style inpainting is applied in latent space with the following steps:
1. The canvas is encoded to latent z
2. The binary mask is downsampled to the latent grid

3. Each denoising step known regions are replaced with the noised known latent

while unknown (seam) regions are denoised

The denoiser acts only on the unknown region, so we do not change areas
which are correct. Optionally, at each ¢ we run K resampling iterations, such
as original Repaint implementation do. The same diffusion model and semantic
conditioning are used throughout, so inpainted seams match both the pre-defined

tissue classes and the surrounding patches.
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Figure 10.3: Straight mask example Figure 10.4: Wavy mask example

10.4.1 Grid Mask Inpainting

The binary mask that define seams, can be used in a multiple different styles. In

our thesis we test two different: straight and wavy.

The seam is a fixed band along each grid line: at vertical boundaries between

columns and horizontal boundaries between rows.

Straight Mask The straigt masks are just normal straigh lines alongside patch

borders. The example can be seen in Fig. [10.3

Wavy Mask The wavy masks are shifted along each grid line by a sinusoidal
offset so that the inpainting boundary is wavy rather than a straight line. This
technique helps to inpaint in a more irregular manner and helps to prevent border

artefacts. The example can be seen in Fig. [10.4

10.4.2 Higher Resolution Region Generation with In- paint-
ing
To produce large regions, such as 4096x4096 pixels, without running memmory

heavy full-resolution inpainting over the entire canvas, we use a downsample—inpaint—upsample
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strategy, shown in third step of Fig. We first generate a grid of 256x256
patches that compose the whole generated region. The global color normalization
is applied so that all patches share similar colors. Each patch and its semantic
mask are then downsampled with bilinear interpolation by a factor 2. The inpaint-
ing seam width in pixels is reduced in proportion so the seam thickness is preserved
in low resolution. RePaint then combines the entire low-res grid in a single global
inpainting pass, producing one stitched region whose size is the low-res of the final
region. Finally, we apply a deterministic upsampling of the stitched image
to get 4096x4096 region using bilinear interpolation. This way, seam blending is
performed once at lower resolution, reducing compute while still creating a large
image. By procedurally generating regions in this manner, we can merge them
to create a complete whole slide image. This image is guided, interpretable, and

suitable for hypothesis-driven validation.

10.5 Color Normalization

To reduce color differences between patches and make seams less visible, three
normalization strategies are used. Example of the image before and after normal-

ization can be seen in Figl10.5]

10.5.1 Reinhard Normalization

Reinhard (LAB) normalization [83] matches the colour statistics of generated
patches to a reference image in CIE Lab color space. The reference mean fi.
and standard deviation o, are computed from a reference image and each patch
is transformed so that its LAB mean and std match the reference. This is standard
for H&E-like histology images and improves color consistency of all patches. This

normalization helps with much smoother inpainting results.
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Figure 10.5: Combination of Reinhard and edge normalization without inpainting

_ LAB(I(]))) — Msrc

USFC

LAB/ (p) © Oret + Href (102)

10.5.2 Edge Normalization

Edge normalization process each patch so that the colour of its border matches
the edge of the neighbouring patch. For each patch all edges are considered.
The mean colour of current patch edge ji. is compared to the mean colour of the
neighbour’s edge i, and a color correction is applied in the way that edges blend
toward the neighbour’s colour Proiected(p). The result reduces visible seams at
patch boundaries before inpainting process is performed. It is important to use
this as a complementary part to Reinhard normalization because Reinhard does

not controll neighborhood colors, so color inconsistency is still present.

1 1
/

e = i) ZD;%P(IJ), i, = o > P (10.3)

€l peqy
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Pcorrected(p) = P(p) + A Z we(p) (la/e - lae) (104)

10.5.3 Latent Noise Initialization Normalization

To have consistent appearance across patches, the initial latent noise x7 is shared
across patches. A single initial noise tensor €y is drawn and broadcast to all patches
so that every patch starts from the same zp. The 2 is a combination of this shared
noise and independent per-patch noise. Shared or correlated zr tends to reduce

colour and texture drift across the grid.

=gy,  i=1,...,N (10.5)
zéf) =7TEg + (1 - 7—)51'7 €0, N(O> [) (10'6)
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Chapter 11

Experiments

This chapter contains experiments, which can be divided into four separate parts.
The first part is dataset preparation, which includes publicly available datasets as
well as one synthetically created datasets. The second part shows metrics used
for experiment validation. The third part presents experiments with controlled
synthetic validation dataset. Further experiments with RA-HIPT are provided in

the fourth section.

For each best setup of experiment provided in this section, we propose a sepa-
rate detailed training report, which can be found in complementary assets of this

thesis.

11.1 Datasets

For experiments, three different datasets were used. The first two datasets were
real-world datasets representing clinical data: BRACS and BCSS. The last cus-
tom datasets was synthetically created with the help of generative neural net-

works.
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11.1.1 BReAst Carcinoma Subtyping Dataset (BRACS)

This dataset is a publicly available dataset focused on breast cancer histopatho-
logical images. It contains seven distinct subtypes of breast carcinoma, which can
be seen in Fig. [11.1] The dataset contains region-level patches and whole-slide
images with bounding box annotations. All images were scanned at 40x magnifi-
cation, which makes the images highly detailed. Three levels of detail can be seen
in Fig. [[1.2] The dataset itself is weakly annotated, which makes it challenging to

use but perfectly reflects a real clinical environment.

/ Normal

Benign Tumors > Pathological Benign

\ Usual Ductal Hyperplasia

/ Flat Epithelial Atypia
BRACS ———  Atypical Tumors
\ Atypical Ductal Hyperplasia

/ Ductal Carcinoma In Situ
Malignant Tumors
—\ Invasive Carcinoma

Figure 11.1: Class represented in BRACS dataset

Figure 11.2: Examples of BRACS dataset in different resolutions

BRACS contains 547 whole-slide images from 189 patients. Overall, the

dataset contains 4539 annotated regions of interest. An example of the anno-
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tations can be seen in Iig. Another important feature of the dataset is its
class imbalance, which needs to be considered during model training and valida-
tion. Exact class numbers are 484 N, 836 PB, 517 UDH, 756 FEA, 507 ADH, 790
DCIS, and 649 IC. This dataset is used for training the RA-HIPT architecture,

and it is also a suitable choice for validating heatmaps.

Figure 11.3: Examples of BRACS dataset and its annotations

11.1.2 Breast Cancer Semantic Segmentation Dataset (BCSS)

[9]

The second dataset is also a histopathological dataset. It focuses on multi-class
tissue segmentation of breast cancer areas. Images in the dataset are H&E stained
and focus specifically on triple-negative breast cancer cases, which are typically

high-grade, poorly differentiated tumors.
The dataset contains 150 whole-slide images. Regions of interest are selected
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from these whole-slide images, and around 20 000 annotations were made over
these areas. An example of an annotated area can be seen in Fig. [11.3] The
dataset contains 22 classes used for annotations. Some of the classes are tumor
epithelium, in situ or non-invasive epithelium, stroma, inflammation, necrosis, and

even the background itself. This dataset is used primarily for training generative

neural networks, especially for the conditional diffusion model.

blood vessel +
SRR A

Figure 11.4: Example of BCSS dataset with segmentation masks

11.1.3 Controlled Synthetic Validation Dataset

The third dataset is a synthetic histopathological dataset, created with our pro-
posed controlled synthesis image generation pipeline. It focuses on the controlled
validation of the proposed RA-HIPT architecture. The dataset contains two types
of patches: regions of size 4096x4096 pixels, and patches of size 256x256 pixels.
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For each patch, a label classification is also provided. The example of the synthetic

whole slide image can be seen in Fig. [11.5]

The dataset contains 38 whole slide images of resolution around 13000x13000
pixels. These images were generated based on 38 multi-class semantic masks from
the Histo-Seg dataset |2]. This dataset contain segmentations of skin cancer tissue,
containing 12 different classes such as epidermis, keratin, glands, inflammation or

basal cell carcinoma.

Figure 11.5: Example of controlled synthetic whole slide image with segmentation
masks (made with our proposed synthetic image generation pipeline)

11.2 Evaluation Metrics

Evaluation metrics used in the following experiments can be divided into two cate-
gories. The first category includes metrics used in synthetic data generation. The
second category includes metrics used for Al-driven biomarker detection architec-

ture validation.
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11.2.1 Synthetic Data Generation Metrics

The Inception Score (IS) measures how well generated images correspond to
real ImageNet classes, which are used for pre-training the Inception v3 model.
This model is a core component for IS calculation. The metric is maximized when
images are easily classifiable and also diverse across categories. It also reports
mean and standard deviation to reduce variance. Regarding limitations, the metric
cannot compare to real data, as it relies solely on ImageNet classes, and it also

exhibits high bias on small samples. The equation for this metric can be seen in

Eq. [T (12

IS = exp (Eymp, [Dxr(p(y]2) Ip(1)))) (11.1)

where:
e 1z ~ p, denotes samples x drawn from the generator’s distribution p,

e p(y|x) is the conditional class distribution, representing the probability dis-
tribution over classes y given a generated image z, typically obtained from

a pre-trained Inception network

e p(y) is the marginal class distribution, representing the overall probability
distribution over classes y across all generated images, obtained by averaging

p(y|x) over many generated samples

e Dxi.(p(y|x)||p(y)) is the Kullback-Leibler divergence, measuring how the con-

ditional distribution diverges from the marginal distribution

o E,.p, denotes the expectation (average) over generated samples
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Fréchet Inception Distance (FID) is a metric that calculates the distance
between feature vectors of real and generated images. This score measures the
similarity of two groups using a pre-trained Inception v3 model. A lower FID
indicates more similar images, meaning that if FID equals 0, the two image groups
are identical. Compared to IS, FID combines confidence in both quality and diver-
sity. It evaluates synthetic images based on the statistical distribution of synthetic
images compared to the distribution of real images. The equation for this metric
can be seen in Eq. This metric is one of the most relevant for generative
tasks.|119]

FID = ||, — p,|I* + Tx(Z, + 2, — 2(%,5,)"?) (11.2)

where:

e p, and p, are the mean feature vectors of real and generated images respec-

tively, generated with inception model

Y., and 3, are their covariance matrices

|12, — p,]|3 represents the difference in average feature activations
o Tr(X, + X,) represents the total variance of both distributions

—2Tr((X,%,)/?) measures the overlap in feature covariance structure

SSIM (Structural Similarity Index) is a metric that measures similarity
between two images focusing on luminance, contrast, and structural information.
This metric process local features and is designed to imitate human vision when
comparing image quality. In our experiements, SSIM is used to quantify how
closely synthetic histology patches preserve the structural organisation of tissue

relative to real reference images. Higher SSIM values indicate that local colors
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and global patterns are well captured, which is important for downstream tasks

where the shape and arrangement of tissue structures matter. The equation of the

SSIM, can be seen in Eq. [11.3[[111]

(2papty + C1) (2044 + Co)

SSIM —
@) = e roneit it G

(11.3)

where:
e /i, and p, are the mean intensities of z and y
e 02 and o, are the variances of z and y
® 0, is the covariance between x and y

e (7 and (5 are small constants for numerical stability

PSNR (Peak Signal-to-Noise Ratio) is a reference metric for measuring the
fidelity of reconstructed or generated images. In our case we focus mostly on the
image generation task. It use calculation of the Mean Squared Error between a
synthetic image and the real image. The MSE represents the cumulative squared
error between the compressed and the original image, where PSNR represent a
measure of the peak error. In our experiments, PSNR is applied to evaluate the
similarity of values between real and synthetic histology patches. Higher PSNR

values represent the lower reconstruction error. The equation of the PSNR, can

be seen in Eq. [45]

. 1 Z 2
) MAX?
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where:

e N is the number of pixels

e r; and z; are pixel intensities at position ¢

e MAX is the maximum possible pixel value (e.g. 255 for 8-bit images)

Precision in our seam analysis is defined as boundary-on-seam precision and
measures how often superpixel or SAM boundaries, depends on method used,
match location of the seam. It was complex to quantify visibility of the seam,
because it is more visual task rather than measurable one. Because of that we tried
to propose our metric to quantify seam visibility by the fraction of detected tissue
boundaries that are aligned with tiling seams instead of following real histology
structure. A lower value is better, as it means that most boundaries segmented by
the segmentation method lie inside tissue regions rather than along patch borders.
In our experiments, we use boundary-on-seam precision to show that the proposed

inpainting-based stitching produces seams that are not much visible.

Recall is used as seam recall and measures how many seam pixels are close to
any SAM or superpixel boundary. This metric focus on theory that if the seam
match object segmentation border, the seam is visible. In this metric we also focus
on lower values, because they measure that only a small proportion of seam pixels
align contour-like segmented structures. In our evaluation, seam recall is used

together with boundary-on-seam precision for ablation studies.
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11.2.2 Al-driven Biomarker Detection Methods for Solution

Analysis

Methods focused on Al-driven biomarker detection need to be divided into two
groups. These groups comes from the complexity of task, on which we are focusing.
Task’s challenges is that we can not really validate results of the attention heatmaps
without the domain expert, so we need to focus more on embeddings and collapse
analysis methods rather than some quantitative metrics. Because of this we divided
analysis into two groups of methods: collapse analysis methods and attention
analysis methods. As an complementary metrics we used accuracy metric for

weak-supervised learning mode.

Collapse analysis methods In biomarker detection experiments, collapse rep-
resentation are risky: patch tokens, region tokens, or attention maps can become
almost constant, because of this problem. In this case the model looks trained
but does not keep useful diversity in the latent space. Because we have just
weak-supervised dataset it is difficult to obtain the ground-truth explanations of
attentions. In this case we complement qualitative plots with latent space collapse

diagnostics, which are monitored during training.

In our implementation, collapse analysis aggregates several statistics over
batches, which can be loged per epoch. These statistics were selected as fol-

lows:

e Dispersion of embeddings, tracking the mean standard deviation of patch
embeddings across tokens and feature dimensions. Small values over long

training time suggest that tokens or regions collapse to similar vectors.

e Mean L2 norm of patch embeddings, helps to detect unstable vanishing

or growing norms
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e Variability across query tokens are averaged, what analyze variability
because uniform attention across patches is sign that the model does not
sperate local structures. With this metric we analyze impact of relations

between patches and regions.

Together, these methods give a sufficient analysis about training health, and
provide insight that the loss weights do not silently remove useful features from

the latent space.

Attention weights (Embeddings) analysis methods For the Al-driven biomarker
pipeline we rely on interpretable views of embeddings and attention, because pixel-
level heatmaps alone are not interpretable without domain review. Because of this
we use a set of complementary visualization tools: cross-attention between patches
and WSI regions, tissue self-attention inside the patch, and optional learned region-

region structure, used only with graph mode of proposed architecture.

Principal Component Analysis (PCA) is applied directly on tensors,
mainly in two dimensions. We use PCA of patch embeddings coloured by the
strongest region connection, PCA of region embeddings, and PCA of patch-to-
region attention vectors. This is useful to see if the patches develop different at-
tention strategies or they all map to the same pattern. We additionally plot PCA
per attention head, so we can check if specific heads capture the same features.
When a learned region adjacency exists, we visualise PCA of region edge vectors
and a small bar-chart panel of explained variance for embeddings, attention pat-

terns, and region features, indicating impact of the signal in the components.

Besides PCA, we generate graph-style figures for a representative sample:
heatmaps of patch-region weights and region-region similarity, degree distributions,

top- K connection bars, and a bipartite-style graph layout. These plots make global
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connectivity easy to inspect.

Finally, for patch- and region-level illustration on real RGB tiles we overlay
attention weight heatmaps on the image. We visualize separately tissue-branch
and relation-branch maps. The another important visualization is separatelly vi-

sualized attention heads, for better analysis of different features captured.

In summary, PCA answers whether structure in embedding and attention space is
separated. Graph figures answer how patches and regions are linked and heatmap

overlays answer where the model focus attention within the tissue image.

Accuracy is complementary metric calculated only when weak supervision is en-
abled. Because it is hard to decide whether the heatmaps capture valid features,
we also added classification layer on top of our pretrained embeddings. With this
approach we could calculate accucary of our model trained embeddings. When
enough examples exist per class, we also report per-class accuracy and a confusion
matrix, because overall accuracy alone can be biased because of morphological
similarities between tissue classes. Accuracy shows whether the representation
supports the weakly supervised task and whether changes in the architecture or
losses preserve ability to classify. Generally the accuracy is calculated by simple
equation where all correct predictions are divided with total number of predic-

tions.

11.3 Synthetic Dataset Experiments

In this section, we performed experiments with synthetic data generation models.
All experiments can be divided into three parts: the first is autoencoder based
reconstruction with the VQ-VAE architecture, the second is synthetic patch gen-

eration with a diffusion model and the last one is application of the inpainting
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method. Additionally are also provided ablation studies of few components such
as seams visibility validation with the help of segmentation and superpixels and
comparison of wavy vs straight mask. These experiments were complementary to

the qualitative analysis with laiks.

The goal of this part of the experiments is slightly different from similar tasks.
Here, we focus on validating the whole pipeline of whole-slide image generation. In
the first step, we do not focus on patch quality. Rather, we focus on the pipeline
as a whole. The core requirements are artifacts minimalization and ensuring that
patch color schemes are as consistent as possible, since our goal is to merge these

individual patches.

11.3.1 VQVAE Autoencoder Experiment

The following experiments with the autoencoder were the first experiments per-
formed. The autoencoder architecture is trained on an image reconstruction task,
focusing on reconstruction quality. Multiple experiments with fine-tuning of the
parameters were conducted, all using the VQVAE architecture. Experiments in-
cluded differences in the number of network layers, different loss function param-

eters, and different downsampling and upsampling techniques.

Challenges we encountered occured, when using publicly available repository
as a framework for our approach. It contained multiple problems that needed to
be resolved. The first problem was artifacts in the reconstructed image corners.
This was resolved by replacing nearest-neighbor interpolation in the upsampling
block with bilinear interpolation. In the downsampling block, constant padding
was replaced with reflected padding. The second problem was inconsistent shades
in the reconstructed images, which is crucial for our further use, where patches

need to be connected. This was solved by performing patch normalization in the
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range from -1 to 1.

Architecture of the model used for the best training run is VQVAE. This ar-
chitecture can be divided into five main parts: encoder, quantization convolution,
vector quantizer, post-quantization convolution and decoder. Parameters used to
configurate this architecture were 4 z channels, representing latent space, 16 384

embeddings representing size of the codebook and 4 embedding dimensions.

From a data point of view for this experiment BRACS dataset was chosen.
From whole slide images were extracted 256x256 patches. The dataset was splited
into 95 000 training and 5 000 validation patches. All pacthes needed to be nor-

malized in pixel range from -1 to 1.

Exact configuration of the best run, can be seen in complementary files of
the thesis. The most important parts of the configuration were 4.5e-06 learning
rate, Adam optimizer, 4 batch size, 25 epochs, LambdaLR scheduler. The loss
function used in this run was VQLPIPSWithDiscriminator, which consists of four

components: pixel loss, perceptual loss, codebook loss and adversarial loss.

Graph visualization of loss functions and metrics can be seen in Fig.
Validation curves show stable convergence of the VQ-VAE. Reconstruction, com-
mitment, and quantization losses decrease gradually, while both codebook perplex-
ity and cluster usage increase slightly, indicating effective and diverse utilization

of discrete latent codes.

Looking at the results , shown in Fig. it can be seen that the model
is able to reconstruct patches with optimal quality. It is not able to capture the

finest details, but this is not the focus of our work. We also calculated quan-

titative metrics over 10 000 samples, which can be seen in Table. These
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val_ema/total_loss val_ema/rec_loss val_ema/quant_loss
— BRACSDataset — BRACSDataset — BRACSDataset

val_ema/perplexity val_ema/cluster_usage val_ema/p_loss
— BRACSDataset — BRACSDataset — BRACSDataset

Figure 11.6: Graphs of VQVAE training

results demonstrate the model’s ability to reconstruct original images with good

quality.

| Architecture | Samples | FID | [ IS Mean? | IS Mean? | Time (min)] |
| VQVAE | 10000 | 1314 | 133 | 0.02 | 5.14 |

Table 11.1: Comparison of sampling techniques for diffusion model generation

11.3.2 Synthetic Image Generation Experiments

These experiments focused on synthetic sample generation, which is the core step
of our synthetic dataset generation pipeline. During training of this denoising dif-
fusion model, multiple fine-tuning experiments were performed with the learning
rate and UNET architecture parameters. We also experimented with real down-
sampled patch conditioning, which did not perform well and resulted in generating

very similar patches of random noise. The best training run is explained in more
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Figure 11.7: Reconstructed image patches examples

detail in the following paragraphs.

Architecture in these experiments is composed of three stages. The first stage
is the VQVAE encoder, which is frozen and used only for training to generate
latent representations needed for denoiser training. The second stage, the denoiser
component, uses the UNET architecture, which goal is to learn to denoise. Once
the latent space is denoised, the frozen VQVAE decoder is applied to retrieve

generated images in the required size of 256x256 pixels.

Data used in the thesis experiments were also from the BRACS dataset. The
same data preparation as in the VQVAE training was applied. We used 95 000
training and 5 000 testing patches of 256x256 pixels. All images were scaled to the

range from -1 to 1.

Configuration of the best run can be seen in complementary files of the thesis.
The most important parts of the configuration were a 0.0001 learning rate, Adam
optimizer, 64 batch size, 15 epochs, and Lambdal.R scheduler. The loss function

used in this experiment was mean squared error loss.
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Results from the generation of a few synthetic patch samples, were able to create

multiple variants of the patches, which can be seen in Fig. [L1.8

Figure 11.8: Synthetic data patch examples

We also experimented with multiple types of sampling techniques, such as
DDPM, DDIM, and PLMS. For all of these techniques, we calculated FID and
IS and also measured the sampling time. Sampling was performed on 10 000

synthetic patch images. Results of these quantitative metrics can be seen in Ta-

ble. I1.2

| Sampling Technique | Steps | FID | | IS 1 | Time (min) | |

[DDPM [ 1000 | 3554 [ 1.36 £0.02] 9209 |
DDIM 50 | 33.37 | 1.28 & 0.02 7.07
DDIM 200 | 36.11 | 1.23 £ 0.03 20.52
DDIM 500 | 38.11 | 1.26 £ 0.03 1745
PLMS 50 | 38.65 | 1.30 % 0.01 717
PLMS 200 | 39.37 | 1.25 £ 0.03 20.65
PLMS 500 | 39.75 | 1.27 £ 0.02 4757

Table 11.2: Comparison of sampling techniques for diffusion model generation
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11.3.3 Semantic Mask Conditioned Synthetic Image Gener-

ation Experiments

This experiment focused on semantic mask conditioned synthetic image generation,
where the goal was to generate histology patches that follow predefined rules by
semantic classes in the conditioning mask. In this setup, the model was trained to
keep structures while also respecting class boundaries and region placement from

the mask.

Architecture in these experiments also consisted of three stages. The first stage
is a frozen VQ-VAE encoder, from the first experiment, used to map image patches
into latent representations. The second stage is a semantic conditioned denoiser,
the UNET architecture-based, where the model receives class information from
one-hot encoded masks downsampled to latent resolution. The conditioning was
implemented with the adm conditioning mode and classifier-free guidance. After
denoising in latent space, a frozen VQ-VAE decoder reconstructed output images

of size 256x256 pixels.

Data used in this experiment were from the BCSS dataset containing image
patches and semantic masks. We used the prepared ROI patches and correspond-
ing ROI mask annotations. The training setup followed the dataset split from
configuration, which was 41 731 training and 100 validation samples. All images

were normalized to the expected input range for latent diffusion training.

Configuration of the best semantic conditioned run can be found in comple-
mentary files of the thesis. The important parameters were a 0.0001 learning rate,
Adam optimizer, 64 batch size, and LambdalLR scheduler. The diffusion setup

used 1 000 timesteps, L2 (MSE) objective, 21 semantic classes, mask latent size
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64, and guidance scale 5.0 for conditioned sampling. The UNET backbone used

160 base channels, two residual blocks, and attention at resolutions 16 and 8.

Results showed that the model is able to generate synthetic patches that fol-

low the semantic mask structure. Compared to unconditional generation, this
setup provided better control of tissue regions and more interpretable outputs for
downstream use. For evaluation we also performed tests with sampling quality
and efficiency with FID, PSNR, SSIM and sampling time for different samplers
(DDPM, DDIM, and PLMS), which table can be seen in Table. 1.3l Overall
results show sufficient quality of results with artefacts, because our goal is not

best quality of images as possible the small differences between real and synthetic

structures are acceptable. The example of the conditioned synthetic images can

be seen in Fig. [11.9

| Sampler | Steps | FID | | PSNR (dB) 1| SSIM t | Time (min) | |

| DDPM [ 1000 | 161.47 [ 10.10 +2.46 | 0.10 £ 0.05 | 152.54 |
DDIM 50 | 122.84 | 10.29 £3.14 | 0.13 £0.12 9.79
DDIM 200 | 122.29 | 10.46 +3.04 | 0.14 £ 0.12 32.41
DDIM 500 | 121.94 [ 10.51 £3.04 | 0.13 £ 0.12 77.74
PLMS 50 | 121.65 | 1032 +£2.97 | 0.13 £0.11 9.96
PLMS 200 | 121.42 [ 10.28 £3.04 | 0.13 £0.12 32.59
PLMS 500 | 120.41 [ 10.53 + 3.09 | 0.14 £ 0.12 77.88

Table 11.3: Comparison of sampling techniques for conditioned diffusion model
generation over 10 000 patches

11.3.4 Inpainting Grid Mask Experiments

In this experiment, we focused on the seam masks used during the inpainting. We
compared straight seam masks and wavy seam masks, while keeping the rest of the
pipeline the same. The goal of the experiment was to find out which mask shape

makes less visible edges between patches. Looking at our experiments, wavy mask
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Real Image

Figure 11.9: Conditioned synthetic data patch examples

worked better in most cases. This is because they break the regular grid pattern
and make edges look more natural. Straight masks were sometimes working well
with the structures without much textures, but they leave in most of the cases

visible line artifact along edges.
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11.3.5 Guided Region Generation with Inpainting of 1024x1024

regions

These experiments were focused on generating full 1024x1024 regions from se-
mantic masks. The region was built from 256x256 conditioned patches and then
merged with inpainting to reduce border artifacts. These patches were generated
in a batches of 16 patches at once. The generated regions followed the target mask
structures, with the most edges between patches not visible. In some tissue dense
areas, slight seams were still visible, but overall structures were clearly better than
with simple naive patch tiling. This confirmed that inpainting-based merging is a
useful step for preserving both semantic guidance and image quality. The example

of 1024x1024 generated image can be seen in Fig. [[1.10

Figure 11.10: Example 1024 x 1024 synthetic region (left: mask legend, center:
semantic mask, right: synthetic image)
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11.3.6 Guided Region Generation of 4096x4096 regions via

downsample-inpaint-upsample

For larger 4096x4096 regions we were not able to use direct full-resolution inpaint-
ing because of expensive GPU memory constrains and runtime. So we used a
downsample-inpaint-upsample approach. First, full patch content was generated
with semantic conditioning, then the grid was downsampled and merged in low
resolution, and final upsampling back to 4096x4096. This made the generation
possible and keept sufficient global consistency of histological structures. This ap-
proach gave a good balance between quality of sctuctures, which we focus on, and
computational cost. The appoach was also suitable for generating large synthetic

regions for further validation experiments. The example of 4096x4096 image can

be seen in Fig. [11.11

B O: Outside RoI

[ 1 Tumor

B 10: Plasma Cells

[ 11: Other Immune Infitrate

[ 12: Mucoid Material
[0 13: Norme Acinus or Duct
B 14 Lymphatics

[ 15: Undetermined
[ 16: Nerve

[0 17: Skin Adnexa

I 15: Blood Vessel

[ 19: Angioinvasion

N 20:00s

Figure 11.11: Example 4096 x 4096 synthetic region (left: mask legend, center:
semantic mask, right: synthetic image)
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11.3.7 Guided Whole Slide Image Generation via downsample-

inpaint-upsample

After validating the approach on 1024x1024 and 4096x4096 regions, we applied the
same strategy on full whole slide image generation such as with 4096x4096 regions.
In the downsample-inpaint-upsample manner we samples 4096x4096 regions based
on the semnatic masks of the whole slide image. After all regions are generated
we performed global color normalization over all 4096x4096 regions. This enabled
generation of very large images without exceeding memory limits. Visibility of
the borders between 4096x4096 regios is not problem in current setup, because
we processed in our HIPT layer regions maximally in a size of 4096x4096 regions.
This methodology constraint will be targeted in a future research. As shown in
Fig. [I1.12] the synthetic WSIs preserve the global tissue structure layout given
by the masks and maintain local histological textures with no critical detail loss.
Minor seam artifacts can still appear in highly complex regions, but they are overall
less visible than with direct patch tiling. Overall, the method proved suitable
for scalable WSI synthesis with a good trade-off between structural quality and
computational efficiency. Even with all of these constraints we can say that the

method and results are sufficient for downstream model validation.

11.3.8 Ablation Studies

In the ablation studies, we evaluated how setup and cofiguration choices in the
stitching pipeline affect visibility of patch seams. The main focus was to ver-
ify whether seams remain visible by generic segmentation methods. Even when
the human eye can not see some seams it can be clearly stated that model can.
We compared multiple variants, from naive patch tiling to progressively improved

settings with inpainting, wavy seam masks, shared latent noise initialization, and
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Figure 11.12: Examples of synthetic whole slide images with their semantic masks

color normalization techniques. This gave us a view, which components contribute
most to seamless generation. Overall, the strongest setup combined inpainting with

wavy seams and color normalization producing the least seam-like artifacts.

Segment Anything (SAM) based Seam Visibility Validation To quantify
seam visibility, we used Segment Anything model and overlaid predicted segmen-
tations with the patch grid. The idea was following: if seams are still visible, SAM
boundaries often follow grid lines because seams look like object borders. In the

naive tiling baseline, this effect appeared, and grid was clearly visible. This case
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can be seen in the Fig. In the improved configurations, such as inpainting
and wavy seams, SAM boundaries matched seam locations more and were less tied
to the grid. The lowest seam-related overlap (overlap of segmentation boundaries
and the seam) was achieved by the strongest variant, which indicates that its seams
are less confusable with true tissue boundaries. The results of these quantitative

evaluations of experiments can be seen in the Fig. [11.14

B1 - Naive Tiling

Figure 11.13: SAM seam visibility (left: instance map; right: SAM boundaries +
tile grid).

Felzenszwalb based Seam Visibility Validation As a second experiment,
we applied Felzenszwalb superpixel segmentation as a lightweight method, which
does not need training. This removes bias of training on specific data. The method
tends to follow strong local features, so visible seams usually create superpixel

borders aligned with patch edges. In the naive tiling case, superpixels matched
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Figure 11.14: SAM seam recall and boundary-on-seam precision (B1-B8).

the grid pattern in some regions, which confirmed strong seam visibility. After
applying the full inpainting-based pipeline, superpixel boundaries became more
irregular and better followed tissue structure not tile borders. The example of this
can be seen in the Fig. The quantitative trends, shown in the Fig. [11.16
were consistent with the SAM analysis and again showed clear improvement over

naive tiling.

Wavy vs Straight mask comparison We also compared straight and wavy
seam masks directly using LPIPS measured in boundary bands around patch bor-
ders. The results, shown in the Fig. showed that straight seams are better
only in very thin bands, but this statement is not true as the band width in-
creases. For medium and wider seam, wavy masks performed better as the gap
became larger. This behavior matches the visual analysis of the image, where
wavy masks avoid border aligned transitions. Based on both quantitative and
qualitative results, wavy seams were selected as the better alternative to straight

seams.
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B1- Naive Tiling

2

B5 - Our (Inpaint + Wavy Seam + Color Normalization + Noise)

L B F | / ﬂ

Figure 11.15: Felzenszwalb superpixels for B1 (tiling) vs. B5 (ours).

11.3.9 Qualitative Analysis with Lay Users

In this experiment, a small group of lay users evaluated synthetic histology images
using our custom HistoView application. The task, which they performed was
the structure search. Participants were asked to localize a tissue structure in
a large synthetic image based on a reference patch and then annotate at least
one matching region. Overall, most participants completed the task successfully
in a few minutes. The reports show that the task was understandable after a
short introduction. It was also reported that the reference image was sufficient.
Only a few users ended with supported success. In most of the cases participant
selected a visually similar structure to the target or hesitated between several

very similar areas. In our experiments we performed analysis of only small subset
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Figure 11.16: Felzenszwalb seam metrics (B1-B8).
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Figure 11.17: LPIPS comparison of wavy vs. straight seam masks

of tissue classes, which contained majority of annotations of the dataset. These
classes were: stroma, lymphocytic infiltrate, tumor, blood vessel and fat tissue.
For our research we performed this analysis on one pilot participant and 15 other

participants.

Differences between Structures were generally visible, with users describing
the tissue structures as visually clear enough for the task. Fat tissue regions were
often reported as easiest to find, because they are mostly white and correspond the
most to background. Structure such as this was in our dataset only one. Tumor
clusters were also recognisable when they were bordered with other type of tissue,
but some users mentioned that neighbouring regions looked similar, especially at

lower magnifications. Stromal regions were perceived as more problematic, because
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their boundaries were less sharp and their texture blended more smoothly into
surrounding tissue, which led to longer search times and occasional uncertainty.
The blood vessels were on the other hand very straight forward, because of their

circular shape and hollow center.

User Experience session with the viewer and reference patches confirmed that
the current setup is suitable for lay users. But it also revealed several usability
issues. The short practice task at the beginning helped participants to understand
zoom, pan, and annotation tools, what helped users to understand tool. Many
participants saied that the reference patch was helpful and gave them a great
visual target, but some suggested that a text explanation of typical regions features
could help further. Reported difficulties were mostly related to annotation/viewer
tool, such as knowing when an annotation was successfully placed, zoom controll,
rather than problems with the core search task. Overall, the qualitative feedback
suggests that the synthetic images and viewer are usable for non-experts, while still
exposing meaningful edge cases where structure boundaries and texture similarity

may challenge human perception. The more concrete results of the testing can be

seen in Fig. [L11.18]

143



Chapter 11. Experiments

How often do you use a computer or tablet? Were you able to find and annotate at least one matching region?
15 odpovedi 15 odpovedi

@ Daily
@ Several times a week
Rarely

@ Yes, clearly
@ Parly
No

Overall, how easy or difficult did you find this task? How confident are you that you found the correct structure?
15 odpovedi 15 odpovedi

6 8(53.3 %)

2(133%)

0(0%) o(ul %) 0(0 %)

1 2 3

How visually clear were the structures in the image? Did the reference patch prepare you well for the search task?
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Figure 11.18: Selected Results of the Structure Search Task

11.4 Al-driven Biomarker Detection Preliminary

Experiments

In this section of our proposed work, we performed preliminary experiments, which
focus on verification if the proposed RA-HIPT architecture can learn useful rela-
tions within tissue structures. These relation can be in other words stated as a
biomarkers. The main goal is to understand model behaviour, training stability,
and interpretability of learned attention weights inside our custom dual-branch

attention.

Performed experiments were composed of different architecture sizes, schedulers,

self-supervised and weak-supervised modes, two outputs of HIPT architecture em-
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beddings (4096x4096 and 256x256), graph mode on/off, and different loss-function

configurations.

11.4.1 RA-HIPT Experiments (self-supervised, 4096x4096
regions, BCSS Dataset)

Configuration and hyperparameters used in this supervised RA-HIPT on
4096 x4096 region-level inputs baseline, are following. The model used AdamW
optimizer (learning rate le—5, weight decay le—4), CosineAnnealingLR scheduler
(Thnaz = 25, Nmin = le—6), batch size 16, and 25 epochs. Cross-attention depth
was 12 with 12 heads and embedding dimension 192. The loss was in SSL mode
with diversity, consistency, contrastive, reconstruction, curiosity, and Mahalanobis

terms, with scheduled increase of relation-attention weight after warmup.

Training curvers | in the Fig. [[1.19 shows the training process of the exper-
iment in a form of curves. These curves are generated from logs collected during
training through training epochs. From this figure, we can see that training is
at first very unstable and even looks like it is not leanrning at all, but after few
training steps model is able to stabilize and train based on our proposed loss

functions.

loss_tissue_attention_val loss_relation_attention_val

Figure 11.19: Graphs of RA-HIPT training
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Patch localizations , in the Fig.|[11.20, show the localization of the patch used
for the inference within the whole slide image. It depends on the mode of the
training but in some cases the region of 4096 is used and in the other cases is used

256 patches.

Region zoom: patch position
- 5

27 %

Figure 11.20: Example of patches used for inference of the model

Per-head attention , in the Fig. [[1.2]] introduces the per-head attention vi-
sualization of weights. It is generated by extracting attention maps from each
transformer head and displaying them separately. This helps to check whether
heads learn complementary patterns or collapse to the same behaviour. From the
figure can be seen that the model is able to learn in each head different structures.
It can be seen that it distinguish backgroud, tissue and even the fat tissue in the
upper part of the image, where seems to be background. It also found other struc-
tures but because of the nature of dataset and too little annotated data we were
not able to tell without the domain expert if it found any valid structures. The
diversity of the heads in the attention was problematic and all heads heatmaps
were the same, because of this problem we proposed the diversity loss term. This
regularization term ended up to fix this problem and resulted visualization, which

can be seen in the figure.
Because the baseline still struggled to enforce direct and much more explainable
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Figure 11.21: Visualization of per head attention module of trained RA-HIPT

long-range dependencies, we extended the model with graph regularization in the

next experiment.

11.4.2 Graph RA-HIPT Experiments (self-supervised, 4096x4096
regions, BCSS Dataset)

In configuration and hyperparameters were enabled graph mode and used
a graph-aware setup for region relation learning. The run used AdamW (learning
rate le—5, weight decay le—4), CosineAnnealingL.R, batch size 16, and 15 epochs.
The cross-attention module used depth 6, 6 heads, and embedding dimension 384.

Important graph terms included diversity, sparsity, smoothness, prediction, coher-
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ence, and region-graph constraints, with part of these terms activated progressively

during training with scheduled loss weights.

Attention heatmap , in the Fig. [[1.22] introduces the attention heatmap vi-
sualization. It is computed by aggregating attention weights over attention heads
and visualizing it over the histology image. This figure shows where the model
concentrates relation-aware attention and gives fast qualitative feedback about
whether global structure is being captured. It can be seen that the model focused
on specific parts of the image, mostly within the tissue area. But in this case we
are still not able to tell if the model captured relevant features, because of its com-
plexity of representation for non-domain user. This problem is further resolved in

the next experiment by using of synthetic dataset and weak-supervision.

T

W b e e

Figure 11.22: Visualization of heatmap made of attention weights from Graph
RA-HIPT
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Region-to-region relation graphs , in the Fig. [L1.23] introduces region-to-
region relation between the individual regions. These are derived from the regu-
larization graph by converting region similarities/edges into a visual connectivity
map. The figure suggests that graph mode increases explicit long-range relational
structure compared to the non-graph baseline. The problem is with relation edges
quantity, too few regions relate to each other, what makes the question, why does
this happen and how can be this resolved. This is also aimed in the following

experiment.

Region-to-Region Graph (Learned)

-0.50

-0.2%

-000

Figure 11.23: Visualization region to region relations derived from the regulariza-
tion graph structure

Collapse diagnostics , in the Fig. introduces analysis of the embedding
collapse throught the training. These plots are computed from embedding statis-
tics during training and are used to detect latent-space and representation collapse.

We observed phases where collapse risk increased. After multiple experiments we
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performed optimization with hyperparameters tuning to resolve problem of the
collapse, which results can be seen in the plots. These plots were used as an main
part and core background analysis. Because of them we proposed into our archi-
tecture loss function regularization terms such as embedding variance loss, head

diversity loss and edge sparsity loss.

collapse/val_wsi_embed_std collapse/val_tissue_attn_std

collapse/val_relation_attn_std collapse/val_patch_embed_norm

collapse/val_patch_embed_std

Figure 11.24: Analysis of embeddings collapse through the training

Principle component analysis , in the Fig.[I1.25|introduces the PCA embed-
ding view together with graph degree distribution. PCA is computed by projecting
high-dimensional region embeddings into 2D for cluster inspection, while degree

distribution summarizes how strongly nodes are connected in the learned relation
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graph. The figure shows partial structuring, but still insufficient separation and

signs of unstable representation geometry in this self-supervised setup.

PCA of Region Embeddings (color = graph degree)

25 ‘z.
Region Graph Degree Distribution

Region Weighted Degree Region-Region Edge Weight Distributicn

*
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%
i

Figure 11.25: Visualization of PCA of region embeddigns and Region graph degree
distribution

11.4.3 Graph RA-HIPT Experiments (weak-supervised, 256x256
patches, Controlled Synthetic Dataset)

Configuration and hyperparameters of this experiment were switched to
weak supervision and 256x256 patch-level WSI embeddings. The dataset used in
this experiment was a controlled synthetic dataset. The core idea was to use a
dataset with interpretable structure and a stronger focus on relation training. We
used AdamW (learning rate 5e—5, weight decay le—4), CosineAnnealingL.R, batch
size 16, and 15 epochs. The cross-attention block was smaller in depth (2), with 8
heads and embedding dimension 512. For regularization and the training process,
weak supervision and graph regularization were enabled, using diversity /sparsity

and embedding variance regularization subterms for the core loss function.

Attention heatmap , in Fig. [11.26, uses the same heatmap visualization as
in the previous experiment. In this experiment, we wanted to focus more on

testing whole slide images, which were fully interpreted with their corresponding
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semantic masks used for generation. The first row represents epoch 0, which
reflexts the model’s ability to detect multiple different structures, even though the
image was synthetically generated and the pretrained HIPT model was trained on
real histological images. The second row represents our trained proposed Graph
RA-HIPT. In these heatmaps, it can be seen that the model focused on specific
regions. These regions are inside the tissue, which is one of the evidences that these
heatmaps might refer to real relations. The attention regions also accumulate in
one area. However, any definitive statement from these heatmaps can be made only
after consultation with a domain expert. The third row represents disentanglement
of the embedding into three different views. This also shows that each view detects
a different part of the tissue. From these heatmaps alone, no clear conclusions
can be stated. Therefore, we performed other visualizations to support these

findings.

Semantic mask , in Fig. introduces the control parameter in the form
of a mask used in synthetic data generation. This mask encodes predefined tissue
structures and spatial arrangement. The mask also has a second role as a validation
reference, used to check whether the same or related structures are visualized in
the heatmap. This allows more reliable validation whether the model learns the

expected relations or not.

Region-to-region relation graphs , in Fig. shows the corresponding
learned region-to-region graph. In comparison with the relation graph in Fig.
big differences can be seen. The graph from the experiment with weak-supervised
mode captures many more relations between the regions. This graph shows an
interesting result: multiple darkest edges are connected through the regions, and
most of these regions are located close to each other. That means this graph,

visualizing the relations detected by our graph-structured regularization, captures
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Figure 11.26: Visualization of heatmap made of attention weights from Graph
RA-HIPT on Controlled synth dataset
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another relevant feature. This feature is the relation between neighbouring regions
and larger areas. This confirms that the model captures meaningful synthetic long-

distance relations.

Confusion matrix | in Fig. introduces the weak-supervised classification
analysis. It is computed from predicted vs. target classes, with the help of a
classification layer plugged on top of our model output embeddings. The confusion
matrix clearly shows which classes the model struggles with the most and which
classes it is most confident in predicting. This confusion matrix is a complementary
part of the previous visualizations, providing information about the model’s ability
to classify based on these output embeddings. The results show that the model

struggles with some classes such as necroses and debris, blood, and metaplasia.
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Figure 11.27: Semantic mask used for generation of wsi

These results were caused by the extremely non-balanced dataset. However, this
problem with accuracy was not needed to be analyzed further, because we only
wanted to analyze the model’s ability to classify, which we validated and confirmed

based on the results.

From the analysis of all these experimental results, it can be stated that the
model detects both local and global relations of whole slide image regions with
the help of our proposed graph-structured regularization. However, one question
remains, which can be answered only by a domain expert, and that is the correct-
ness and reasonability of these highlighted relations. This creates a clear path for

our future experiments and validation.

11.4.4 Graph RA-HIPT Experiments (weak-supervised, 256x256
patches, BRACS Dataset)

Configuration and hyperparameters were in a final experiment the same

as in a weakly supervised patch-level setup for BRACS. The run kept AdamW
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Region-to-Region Graph (Learned)
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Figure 11.28: Visualization region to region relations derived from the regulariza-
tion graph structure

(learning rate 5e—5, weight decay le—4), CosineAnnealingLLR, batch size 16, and
15 epochs, with cross-attention depth 2, 8 heads, and embedding dimension 512.
Graph mode remained active with the same family of diversity /sparsity /variance

controls, and weak supervision was applied with BRACS labels (nggsses = 7)-

Attention heatmap , Fig. [11.30| shows attention heatmaps overlaid over the
real BRACS WSI. The maps are less clean than in the synthetic data because
of its much higher resolution. Looking at epoch 0, we can see that the model is
able to detect relevant areas, where tissue is present and absent. Looking at the
heatmaps after training for 4 epochs, it can be seen in the zoomed heatmap that
the model is able to detect individual areas. This confirms that the model is also

able to work on real-world data and is able to highlight biological structures.
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Region Classification (first 9 classes) (normalized)

.....

Figure 11.29: Confusion matrix of classification over synthetic dataset

Principal component analysis , Fig. shows improved results compara-
ble to the experiment from Sec. Looking at the differences between PCA
and degree distribution, we can see great improvements in a terms of the collapse
of latent space. In this experiment, the latent space did not collapse into the curve,
and the degree of the region weights stayed consistent and was not zeroed. The
embedding projection shows partial class structuring with expected overlap for dif-
ficult histopathology patterns. This confirms the healthiness of our regularization

graph structure.

Region-to-region relation graphs , Fig. [11.32] shows results similar to the
experiment in Sec. [[1.4.2] with the synthetic dataset, where some regions are more
related to other regions. This graph confirms that graph regularization still learns

interpretable region-level relations under real data conditions.

Class relation visualization graphs | Fig. [11.32] shows the most interesting

results. From this graph, it can be found that our approach, in a weakly supervised
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Figure 11.30: Visualization of heatmap made of attention weights from Graph
RA-HIPT on BRACS dataset WSI

setting, was able to learn relations between whole classes. This graph is made
directly from the relation branch attention weights, which are produced by the
cross-attention between the query patch and the whole-slide embeddings. This
combination of embeddings provided direct integration of local and global relations.
These attention weights are influenced during training by our graph regularization
structure, so the results of this graph represent the impact of our two proposed

methods.

Looking at the medical perspective of these classes and their relations, the
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Figure 11.31: Visualization of PCA of region embeddigns and Region graph degree
distribution

following can be stated based on medical literature 66):

1. Isolation of blood vessels class comes from a real biological concept,
because blood vessel regions in histological slides are structurally different
and architecturally separated from the epithelial-inflammatory microenvi-
ronment. Another reason is that they carry no compositional relationship
with glandular, lymphocytic, or metaplastic tissue. The model has learned,

without being told, that blood vessel patches are not relevant to other classes.

2. Glandular-Metaplasia connection shows the most dominant relation.
This is also biologically correct, because glandular cells transform over time
into metaplasia. The direct progression is chronic inflammation, then glan-
dular atrophy, then metaplasia, then dysplasia, and the final stage is cancer.
The model is able to show the highest-weight relation between these classes,
which validates that the model is able to capture histologically meaningful

and diagnostically relevant structure.

3. Lymphocytic class connects both glandular and metaplasia. This is an-
other relevant correlation because these lymphocytic infiltrations co-occur

with both classes in histological tissue. These lymphocytes produce cytokines
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Figure 11.32: Visualization region to region relations derived from the regulariza-
tion graph structure

and reactive species that drive the transition from glandular to metaplastic
epithelium. This is another strong sign that the model is able to capture
immune-epithelial crosstalk dynamics, which are another biologically rele-

vant relation.

In the overall summary of the experiments, we can state a few results. The
model is able to capture local and global relations, the regularization graph struc-
ture contains valid information between regions, a few selected regions have higher
relations with each other, and the model is able to find relevant biological struc-
tures and concepts. The final missing part is direct validation with a domain

expert, which will be done as a following step in a future work.
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Figure 11.33: Visualization of class relations trained by the Graph RA-HIPT ar-
chitecture
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Chapter 12

Viewer tool for qualitative analysis

(HistoView)

For our experiments with domain experts and participants we needed to create
validation tool. This part is important, because all methods and results, which
we proposed are closely bounded with the quality of the results. In a terms of
controlled synthetic generation, we needed to validate if the generated stuctures
are distinguisable between each other. On the other hand we need to also validate
heatmaps generated by RA-HIPT architecture. This architecture is used to detect
potential biomarkers, but are nearly imposible to validate without the patholo-
gist. To our knowledge we did not find any tool, which can specifically suit our
requirements. Because of this we proposed our custom tool suitable for two use
cases: qualitative analysis of synthetic structures with laik users and qualitative
analysis of the predicted heatmap biomarkers. Repository of this tool is available

online [54] at https://github.com/0Koz1lik0/Heatmap.Viewer.
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Chapter 12. Viewer tool for qualitative analysis (HistoView)

12.1 Technology Stack

From the technology point of view the backend of the application is implemented
with the use of FastAPI and Python. The frontend part of the application is
implemeted as a native HTTML with CSS and JavaScipt. As a high resolution
image viewer was used OpenSeaDragon library 76|, because of complexity of this
feature we did not implemented it by ourselfs. Throught the all experiments we

run application locally without need of deployment at this stage of research.

12.2 Functionalities of the Application

The application contain only the core functionalities, which is crucial for specific

use cases of our research.

Features:
e Whole-slide viewing with pan/zoom using Deep Zoom tiling
e Slide upload and loading from UI

e Support for pathology formats: .svs, .tif, .tiff, .ndpi, .mrxs, .vms, .scn, .bif

and png.
e Heatmap overlay upload and display on top of the slide
e Optional patch image upload linked to a heatmap
e Patch preview panel with metadata
¢ Annotation tools
e Annotation management (show/hide, rename, delete, focus)

e Save and Export annotations
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12.3 Use Cases

Our custom tools is designed to support fast and intuitive preview of histopathol-
ogy images. This one tool combines whole-slide navigation, heatmap overlays,
patch preview, and annotation features, which makes it useful for human-in-the-
loop evaluation tasks. Fig. [12.1] shows the interface used during the annotation

process, including the slide viewport, analysis controls, and annotation panel.

a HistoView FRYYSNES (3 Add Heatmap Siide  BRACS_1369.5vs v Heatmap Select heatmap. v

Annotations Patch Info

Opacity =—l)

« ToggleAl [} Save & Expot L Impor
® fRegont

® Region2

Figure 12.1: Preview of HistoView tool

12.3.1 Qualitative Analysis of Synthetic Structures with Laik

Users

In this use case we used our tool in a case that laik users was assigned to assess
synthetic histology-like structures based on reference images. The image of this
case can be seen in Fig. [12.2] Users can zoom into generated regions, compare
structures across multiple scales, and annotate areas similar to reference image.

The annotation workflow helps collect structured feedback about the visible differ-
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ences of synthetic structures, which is important metric for controlled validation

of Al model.

B H'TS}"X'E"'{ ot e + Open Slide @ Add Heatmap siide  ux_image_001_v04.png v Heatmap Screenshot 2026-03-29 at 18.5 v
ew

Screens| hot 2026-03-29 at
19.06.55.png

(1,000, 1,000)
256 x 256 px

Screens| hot 2026-03-29 at
18.56.19.png

Figure 12.2: Preview for synthetic structure analysis use case

12.3.2 Qualitative Analysis of the Predicted Heatmap Biomark-

ers

In this second use case, the tool focus on validation of predicted biomarker heatmaps
with our RA-HIPT architecture. These heatmaps are overlaid over the origi-
nal slide. Histopathologist can controll overlay visibility and opacity to examine
whether regions align with morphological meaningful tissue structures. Optional
patch localization and manual annotations make it easier to provide useful qual-
itative evidence for model behavior and potential failure cases. The interface of

this use case can be seen in Fig. [12.3
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Figure 12.3: Preview for biomarker detection with heatmap analysis use case
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Chapter 13

Conclusion

This thesis focused on improving Al-driven biomarker detection in histopathology
by addressing three problems: missing integration of local and global relations,
missing explainability of model predictions, and small number of annotated images,
what makes model validation more complex. Because of these limitations, we
proposed a complete pipeline composed of a global-local relation-aware prediction

model and a controlled synthetic validation dataset.

13.1 Summary

From the architectural point of view, we designed the Relation-Aware Hierarchi-
cal Image Pyramid Transformer, which use combination of local features through
patch embeddings with global features from whole slide embeddings. These embed-
dings are combined through the custom cross-attention mechanism. In addition,
we proposed graph-structured regularization and custom loss components that
support relational learning, attention head diversity, and overall stability. The

model was evaluated in different training configurations, such as self-supervised

169



Chapter 13. Conclusion

and weak-supervised. Another validations of the model was with both real and
synthetic datasets, made with our second controlled synthetic validation dataset

generator.

As a second part of our work, we designed and implemented mentioned con-
trolled synthetic image generation pipeline based on VQ-VAE autoencoder, de-
noising diffusion models, semantic conditioning and inpainting-based stitching.
This pipeline provide generation of large synthetic regions and whole-slide images
with pre-defined semantic structure. For evaluation part we peformed quantita-
tive evaluation with metrics such as FID, IS, PSNR, SSIM, and sampling time.
Complementary part to this metrics were ablation studies for seam visibility and
qualitative evaluation with the 15 participants. These experiments confirmed that

the generated data are suitable for downstream validation tasks.

Experimental analysis of RA-HIPT showed that the model is able to capture
local-global relations and produce interpretable attention heatmaps. In weak-
supervised experiments with controlled synthetic data and BRACS data, we per-
formed visualizations of region to region relation and class-relation. Results of
these visualizations provide insights that the model is able to detect real biologi-
cal structures and capture long distantance relations. On the other hand we also
calculated classification accuracy and visualized confusion matrix, which confirms
model ability to recognize differences between tissue classes. These findings sup-
port the hypothesis of this work: explicit integration of local and global features
improves relational modeling in whole-slide images and provides a stronger basis

for interpretable biomarker analysis.

Looking at the hypotheses formulated in the motivation, the outputs can be

summarized as follows:
¢ (RQ1): the proposed RA-HIPT architecture with cross-attention and relation-
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aware regularization improved representation of local-global relations, and
also confirmed stronger relational consistency and meaningful region-level

interactions.

e (RQ2): the controlled synthetic pipeline produced diagnostically structured
data with competitive quantitative quality, enabling reproducible, stress-

testing and validation when real annotated data are limited.

¢ (RQ3): the explainability output and visualizations from our experiments
such as attention maps, relation graphs, and class-level relation visualiza-
tions, which were directlly derived from local-global relation integrations,
provided biologically relevant interpretations that improves interpretability

of model decisions.

Overall, we believe that our solution brings promising results with the implemen-
tation of local-global relations into the model architecture, with the focus on the
interpretability and great foundations for controlled synthetic validation dataset
framework. These parts creates a great foundation for the potencial biomarker
detection and validation of the new AI model architectures, which are hard to

validate because of their complexity.

13.2 Future Work

Future work can focus on three main directions. First, the current relation visual-
izations and heatmaps should be validated directly by domain experts to confirm
relevance of highlighted regions and discovered class relations in a histology images.

This step is important for final confirmation of model behavior.

Second, relevant direction is to extend the synthetic pipeline toward larger

datasets with better tissue variability and quality, preserving the details and mod-
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ifying the lossy compression parts such as inpainting and up/down sampling. An-
other steps includes further optimization of inpainting for very large resolutions
and perform evaluation across additional downstream tasks other then the current
biomarker detection model. The global goal of this part is to create framework
for easy and fast controlled validation of models, potencially controlled with the

suitable interface.

Third, the RA-HIPT framework can be further optimized. It can be focused
on the model architecture and training process. Improvements can include addi-
tional work on regularization terms and stronger histology data focused supervision
strategies. The long-term goal is to build an interpretable relation-aware system
that can be transferred from controlled validation to real diagnostic support sce-

narios able to find potencial new biomarkers and structure relations.
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Resumé

Uvod

Analyza histologickych snimok je zakladom pri diagnostike a vyskume biomarkerov.
Digitalne snimky (WSI) kombinuji extrémne rozliSenie s informéaciou na viacerych
skalach od bunkovych detailov az po usporiadanie tkaniva na trovni celej snimky.
Manudlna expertiza patoléogom zostdva ¢asovo narocnd pri com automatizované
metody mozu skratit prezeranie. Problém je Ze tieto metddy Casto pracuja len s
malymi vyrezmi alebo neposkytuju dostato¢ny vysvetlitelnost. V klinickom kon-
texte je preto dolezité uvazovat nielen o presnosti na jednotlivych vyrezoch, ale aj
o vztahoch medzi vzdialenymi oblastami snimky a o tom, ¢i sa ich model ué¢i alebo

ich berie do tvahy.

Tato praca spaja dva hlavné koncepty. Prvym je architektura Relation-Aware
Hierarchical Image Pyramid Transformer (RA-HIPT), ktora kombinuje globalne
embeddingy z hierarchického pyramidového transformera (HIPT) s lokalnymi em-
beddingami patchov 256 x256 cez dvoj vetvovy modul pozornosti (vetva tkaniva a
vetva vztahov) a volitelnou grafovou regularizaciou medzi regionmi. Druhym kon-
cept je kontrolovany synteticky validacny dataset: VQ-VAE na ziskanie reprezenté-
cii v latentnom priestore, latentnda diftzia s podmienenim sémantickou maskou, in-

paintingové skladanie regiénov a farebna normalizacia. Takto vzniknuté syntetické

175



Chapter 13. Conclusion

data umoznuju overit hypotézy o integracii lokalno globalnych vztahov v prostredi,

kde je plne zndme cez sémanticki masku vyuzitd pri generovani snimok.

Pri redlnych klinickych datach st c¢asto dostupné iba slabé anotacie na tdrovni
mensich oblasti alebo celej snimky. Celkova pixelova anotacia je ¢asovo naro¢né
pre patologa, preto si model musi pomdct so samo alebo slabo u¢iacimi technikami
pri trénovani Al modelu. Vysvetlitelnost vystupov, napriklad vizualizicia savis-
losti medzi oblastami, je dolezitov podmienkou doveryhodnej asistencie patologovi

v klinickom prostredi.

Prehl'ad suvisiacich oblasti

Digitalna histopatologia vyuziva klasifikaciu, segmentaciu, detekciu a generovanie
syntetickych snimok. Pri snimkoch je typické rozdelovat snimku na vyrezy a
nasledne agregovat informaciu pocas trénovia. Hlboké siete zacinajie od kon-
volu¢nych architektir az po vision transformery s mechanizmom pozornosti umoziuju
ucenie hierarchickych a globédlnych zavislosti medzi regionmi. Pre histologické
snimky bol navrhnuty hierarchicky pristup typu pyramidového transformera (HIPT),
ktory explicitne pracuje s viacerymi droviiami rozliSenia [22]. Na tejto architekture

je postavené spracovanie globalnej informacie v tejto praci.

Generativne modely pre histologiu zahinaja kvantiza¢né autoenkodery (VQ-VAE)
na vytvaranie diskrétneho latentného priestoru vhodného na diftziu v mensej di-
menzii. Tieto diftzne modely a ich samplovacie techniky (DDPM, DDIM, PLMS)
iterativne odSumuju latentny priestor. Inpaintingové mechanizmy na doplnenie
neznamych oblasti medzi susednymi vyrezmi tak, aby spoje nemali viditelné hran-
ice. Podmienenie sémantickou maskou umoziuje riadit rozlozenie tried v snimke.
Pri samplovani syntetickej snimky sa ¢asto pouziva classifier-free guidance na zosil-

nenie vplyvu masky oproti bezpodmienec¢nej predikcii Sumu.
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Redukcia dimenzie a projekcie (napr. PCA) sa pouzivaji na vizualizaciu rozloze-
nia embeddingov pre jednotlivé regiény a na odhalenie kolapsu alebo zhlukovania
reprezentacii regionov pri pocas tréningu tréningu. Pri interpretovatelnosti sa ro-
zliSuju post-hoc metody (napr. vizualizacie vyznamnosti zaloZené na gradientoch
alebo propagécii vah) a architektiry, ktoré priamo vytvaraji mapy pozornosti
alebo graf vizieb medzi triedami. V medicine musi byt interpreticia konzistentné

a nesmie skryvat neistotu modelu.

Pre tplnost, ¢isto patchovy pristup bez globélneho kontextu zostava ¢asto vypoc-
tovo najjednoduchsi, avsak pri diagnostike zaloZenej na vztahoch medzi oblastami
moze nerozpoznat prave tie vztahy, ktoré si najdolezitejSie a na ktoré sa chceme v
tejto praci zamerat. Preto ma zmysel kombinovat hierarchické spracovanie histo-
logickych snimok s modulom pozornosti s vyuzitim embeddingov a grafom medzi

regionmi.

Stvisiace smery vyskumu

V digitalnej patologii ma dlhodobo miesto viacero inStancné a slabo vedené uce-
nie. Anotécia je Casto dostupna len na drovni celej snimky alebo vicésej oblasti,
zatial ¢o modely pracuji so skupinami vyrezoz, taktiez aj nazyvané (bags). Novsie
pristupy skiimaju ucenie ¢t alebo prototypov nad takymito skupinami vyrezov a
ich prepojenie na slabo vedené ucenie pri klasifikacii |7, [94]. S tym sivisi aj snaha
zlep§it Struktiru latentného priestoru tak, aby boli zhluky ¢&ft lepSie vyuZitelné

pri klasifikacii alebo interpretacii [36).

Na strane generovania sa latentné difizne modely presadzuji aj pri vyssSich ro-
zliSeniach obrazu. Existuju pribuzné prace, ktoré rozsiruju diftziu do latentného
M M N4 z . v v bl M vt M ? . v e
priestoru naprie¢ Skalami a umoznuju kvalitnejSie generovanie velkych Struktir

[118]. Syntetické alebo ¢iasto¢ne riadené generovanie sa tiez pouziva ako néstroj
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na doplnenie datovych sad alebo na kontrolované experimenty, kde je potrebna
vysvetlitelna Struktira vystupu [79]. NaSa praca sa radi na prieseénik tychto
trendov: namiesto Cisto modelu ciernej skrinky a klasifikitora vedeného slabym
uc¢enim navrhuje architektaru, ktora explicitne modeluje vztahy medzi regi6énmi
(cross-attention, graf) a zaroven pouZiva syntetické snimky z kontrolovaného syn-
tetického datasetu na overenie, ¢i sa tieto viazby spravaju na zaklade biologickych

morfologii.

7 perspektivy vyskumného problému je dolezité, ze literatiira potvrdzuje, ze la-
tentny priestor zostava hlavnym miestom, kde sa stretavaji koncepty ¢o model
rozliSuje a generativne ciele (ako vyzeraju konzistentné vzorky). Pre digitalnu his-
tologiu to znamend, Ze kombinacia latentného priestoru (VQ-VAE), podmienenej
diftizie a néaslednej validacie modelom typu RA-HIPT je sir§i koncept hladania
kontroly nad $truktirou generovaného obrazu a aj nad vnitornymi vztahmi medzi

castami histologickych snimok.

Ciele prace a vyskumné otazky

Cielom je navrhntf a vyhodnotit riesenie, ktoré (i) explicitne modeluje lokalno-
globélne vztahy na histologickych snimkach, (ii) produkuje interpretovatelné mapy
a grafy pre diskusiu s odbornikmi a (iii) umoziuje kontrolovanu validaciu cez
syntetické WSI s pred definovatelnou $trukturou. Praca formuluje tri otazky:
RQ1 - ¢i architektira s modulom pozornosti a grafom dokaze zachytit zmysluplné
vizby medzi regionmi, RQ2 - do akej miery kontrolovane vytvarané syntetické
WSI podla znamej rozlohy Struktir umoziuja overit hypotézy Al modelov, RQ3
- ¢i st vizualizacie natolko zrozumitelné, aby sluzili ako podklad pre expertnii

validaciu.
Praktickd cast je ¢lenend nasledovne: popis a Statistiky pouzitych dat, definicia

178



Chapter 13. Conclusion

metrik pre generovanie a pre analyzu reprezentécii, rozsiahla ¢ast o stavbe syntet-
ického datasetu a merani kvality (vq-vae, difuzia, podmienené generovanie, spa-
janie vyrezov, ablatné studie, pouzivatelské testovanie) a samostatna cast o RA-
HIPT v rezimoch ucenia bez ucitela a slabsie podmieneného trénovanie na BCSS,
syntetickych WSI a BRACS. K tréningom s najlepsimi vystupmi s sprostredko-

vané presné konfiguracie s ich reportmi v elektronickych prilohach.

Pouzité datasety a etické hl'adisko

Experimenty vyuzivaju verejné datasety BRACS a BCSS a taktiez vlastny kon-
trolovany synteticky dataset tvoreny z histologickych snimok. BRACS [15] ob-
sahuje 547 snimok od 189 pacientov, 4539 anotovanych oblasti a sedem slabo
anotovanych tried karcinomu prsnika s exemplarnymi poc¢tami ROI v jednotlivych
triedach (N 484, PB 836, UDH 517, FEA 756, ADH 507, DCIS 790, IC 649). Prob-
lem tohto tried je nevyvazenost. BCSS [9] obsahuje 150 histologickych snimok
a priblizne 20000 anotécii oblasti zaujmu. Pre podmienend diftziu bol pouzity
rozdeleny stubor 41731 tréningovych a 100 valida¢nych vzoriek s ROI maskami.
Kontrolovany synteticky dataset mé 38 syntetickych snimok s rozliSenim priblizne
13000x 13000 pixelov, odvodenych z 38 viactriednych sémantickych mask (vSetky
z datasetu Histo-Seg [2]|). Ide o ind tkanivovi doménu nez rakovina prsnika, ¢o
treba zohladnit pri interpretacii struktir. Udaje sliZzia ¢isto na vyskumni valida-
ciu, nie na tréning. Vystupy prace nenahradzaju klinické rozhodnutie a vyzaduja

samostatné posidenie patolégmi pri akejkol'vek aplikacii mimo vyskumu.
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Metodika merani

Pre generovanie sa pouziva Fréchetova inception vzdialenost (FID) medzi redl-
nymi a syntetickymi vyrezmi. Inception Score (IS) ako hruby ukazovatel diverzity
a klasifikovatelnosti vzoriek, dalej PSNR a SSIM pre porovnanie generovanych
patchov s referenciou pri podmienenom generovani. Pri spojoch sa pouzili metody
na validaciu kvality spojov: zhoda hranic segmentécie (Segment Anything) alebo
superpixelov s ¢astou spoja, pripadne LPIPS v okrajovych ¢astiach pri porov-
nani tvaru masiek spojov. Pri RA-HIPT sa okrem presnosti pomocnej klasifikacie
sledovali krivky stratovych funkcii, vizualizacie pozornosti jednotlivych hlav po-
zornosti, PCA embeddingov regionov, stupnové rozdelenie uzlov v grafe vztahov

medzi regiéonmi a diagnostiky kolapsu embeddingov.

FID a IS su $tandardné pre porovnanie Al generatorov obrazkov, no pre histologiu
treba brat do uvahy, Ze Inception bol trénovany na prirodnych fotografiAch mimo
domény histologie. Idealne hodnoty sa preto interpretuja relativne medzi kon-
figuraciami v ramci prace, nie ako absolutna kvalita tkaniva. SSIM a PSNR pri
podmienenom generovani zachytavaji lokalnu zhodu s referenénym patchom pocas
experimentov. Vysoka kvalita generovanych snimok nie je v tejto praci hlavnym

cielom, no presné generovanie pomocou sémantickej masky.

Pri RA-HIPT dopliajt tieto metriky primarne vizuélne a geometrické pohlady:
PCA 7z embeddingov regionov odhaluje, ¢ sa zhluky rozumnym spoésobom odd-
eluju alebo naopak kolabuju, graf vztahov medzi regiénmi poskytuje vysvetlitel nu
Statistiku stupnov vah medzi uzlami a ich sivislosti. Pomocnéa klasifikicia nad
embeddingmi nie je samotna, ale slizi ako dalsi signal, ¢i reprezentécia stéle nesie

informéaciu napriek slabym anotaciam.
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Navrhované riesenie: RA-HIPT a celkovy pristup

Bezné& analyza biomarkerov so slabymi anotaciami a modelom bez globalneho
kontextu je rozgirend o model zameriavajici sa na vztahy a druhym konceptom,
ktorym st kontrolované syntetické data. RA-HIPT vychadza z extrakcie embed-
dingov s pomocou HIPT na regionoch 4096 x4096 (pripadne jemnejgich rozligeniach
256x256 v ramci HIPT) a naslednej agregacii na arovni celého WSI. Na vstupe
lokalnej vetvy je vision transformer s blokom dvoj vetvového modulu pozornosti.
Vetva tissue pouziva self-attention nad embeddingmi vyrezov, pricom vetva re-
lation pouZziva cross-attention, kde jednotlivé lokdlne ¢rty pochadzaji z vyrezu
a kTtac¢e/hodnoty z globélnych embeddingov, ¢o produkuje mapy pozornosti za-
merané na vztahy. Celkova stratova funkcia agreguje ¢leny pre tkanivo, vztahy,
diverzitu hlav pozornosti a dalgie regularizacie s planovanim vah pocas tréningu.
Grafova RA-HIPT rozsiruje model o graf vztahov medzi regiéonmi a nové sivisi-
ace stratové funkcie (diverzita, riedkost, hladkost, koherentnost). Vztahova vetva
vyuziva okrem iného stratové funcie typu focal a curiosity, no taktiez Mahalanobi-
som motivovanu kontrolu rozdielov medzi jednotlivymi hlavami modulu pozornosti.
Planovanie hodnot stratovych funkcii je nastavené tak, aby sa predislo kolapsu
pozornosti alebo prili§ jednotnému rozdeleniu vdh medzi regionmi. Cast stratovej
funkcie vyuzita v tissue vetve je viazana na pseudo-masky zachytévajice tkanivo
vs. pozadie. Tym sa mé zlepsit explicitné ucenie dlhodosahovych zévislosti oproti

baseline bez grafu.

Postup kontrolovaného generovania syntetickych dat

Postupnost za¢ina tréningom VQ-VAE na histologickych vyrezoch z BRACS (95000
tréningovych a 5000 valida¢nych vyrezov 256 x 256, normalizécia do rozsahu (—1, 1),

architektira s kodovou knihou rozsahu radovo 10* embeddingov, perceptuilna
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strata a diskriminator v celej stratovej funkeii). Pri implementéacii boli rieSené
artefakty v rohoch (bilinearna interpolacia namiesto najblizsieho suseda, a vyuzi-
tie reflexnych okrajov). Druhym problémom boli nerovnomerné odtiene a zafar-
benia medzi jednotlivych vyrezov, ¢o je kritické pre nasledné spajanie tychto vyre-
zov. Najlepsi trénovaci beh VQ-VAE je vyuZity pre zmrazeny enkoder /dekoder pri
difazii. Nasleduje tréning latentného denoiseru (UNET) na nepodmienenej difazii
a nasledne semanticky podmienenej difazii: vstupom je jednorazovo zakédovana
maska tried z BCSS (v hlavnej konfiguracii 21 tried), classifier-free guidance pri
vzorkovani, zmrazeny dekdoder VQ-VAE na obnovenie vyrezov 256 x256. Na vyS$sej
arovni sa vyrezy ukladaji na mriezku. Jednotlivé spoje sa rieSia inpaintingom v
latentnom priestore, pouzivaju sa rovné alebo vinité masky spojov a Reinhardova
normalizacia farieb v Lab priestore medzi regionmi. Pre velké oblasti 4096 x 4096 sa
pouziva postup zmensenie-inpainting-—zvac¢senie kvoli obmedzenej pamiti grafickej
karty. Celé WSI sa skladaji z blokov 4096x4096 s globalnou upravou farieb.
Kontrolované syntetické generovanie snimok bolo vykonané na 38 semantickych
maskach, ¢o vytvorilo 38 velkych syntetickych WSI s predpripravenymi vyrezmi
4096 x4096 a 256 x256 pre validaciu RA-HIPT.

Vysledky experimentov: synteticky pipeline

VQ-VAE a nepodmienena latentna diftzia

Na vyhodnotenie kvality rekonstrukcie a generovania z latentného priestoru bolo
na 10000 vzorkach namerané pre VQ-VAE FID 13,14, priemerny Inception Score
1,33 (odchylka IS v zapise experimentu 0,02) a ¢as vyhodnotenia priblizne 5,14
min. Tréning nepodmienenej difazie pouzival vyrezy z BRACS (v rozdeleni prib-
lizne 9500 tréningovych a 5000 valida¢nych vyrezov o velkosti 256 x 256, §kalovanie

intenzit jednotlivych pixelov bolo do rozsahu (—1, 1)), uéiacu rychlost 0,0001, op-
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timalizér Adam, davku vyzezov 64, 15 epoch a MSE stratu v latentnom priestore.

VQ-VAE enkoder a dekoder pri generovani boli zmrazené.

Porovnanie vzorkovacov na 10000 syntetickych latentnych obrazkoch je zhrnuté
v tabulke [13.1} pre rychle experimenty je vyhodny DDIM s 50 krokmi (najleps
kompromis medzi FID a ¢asom), zatial ¢o dlhé behy DDIM alebo PLMS v tejto

konfiguracii neprinasaja lepsie FID nez kratky DDIM.

’ Vzorkovaé ‘ T ‘ FID | ‘ IS © ‘ Cas (min) | ‘

| DDPM [ 1000 | 35.54 [1.36 £0.02] 9209 |
DDIM 50 [ 33.37 [ 1.28 £ 0.02 7.07
DDIM 200 | 36.11 [1.23 +0.03 20.52
DDIM 500 | 38.11 [ 1.26 +0.03 A7.45
PLMS 50 [ 38.65 | 1.30 4+ 0.01 7.17
PLMS 200 | 39.37 | 1.25 4+ 0.03 20.65
PLMS 500 [ 39.75 | 1.27 & 0.02 47.57

Table 13.1: Nepodmienend latentna difizia: porovnanie vzorkovacov

Podmienena generacia na BCSS

Podmieneny denoiser bol trénovany na velkom stubore regionov z BCSS so zod-
povedajiucimi maskami (21 tried v hlavnej konfiguracii, 1000 ¢asovych krokov
diftzie, mierka classifier-free guidance 5,0 pri vzorkovani). Architekttira UNET v
najlepsom behu pouziva 160 zékladnych kanalov, dva rezidualne bloky a pozornost
pri rozliSeniach 16 a 8 v latentnom priestore. Maska tried je jednorazovo kédovanéi
a zmensena na latentové rozliSenie. Vygenerované podmienené vyrezy priestorovo
zodpovedaji maske tried. Artefakty textur st akceptovatelné vzhTadom na zam-
eranie prace na interpretovatelné rozlozenie struktur, nie na fotorealisticki kvalitu

snimkov.

Porovnanie vzorkovacov na 10000 vygenerovanych vyrezoch je v tabulke [13.2

DDIM s 50 krokmi zodpoveda preferovanému vzorkovaniu. Najnizsie FID v tejto
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sade dosahuje PLMS s 500 krokmi.

| Vzorkovaé | T | FID | [ PSNR (dB) 1| SSIM 1 | Cas (min) | |

| DDPM [ 1000 | 161.47 | 10.10 £246 | 0.10 £0.05 | 15254 |
DDIM 50 [ 12284 [ 1029 £3.14 [ 0.13 £0.12 9.79
DDIM 200 | 12229 | 10.46 £3.04 [ 0.14 £0.12 32.41
DDIM 500 | 121.94 | 10.51 £3.04 [ 0.13 £ 0.12 7774
PLMS 50 [ 121.65 [ 1032 £2.97 [ 0.13 £ 0.11 9.96
PLMS 200 | 121.42 | 10.28 £3.04 [ 0.13 £ 0.12 32.59
PLMS 500 | 120.41 | 10.53 + 3.09 [ 0.14 £ 0.12 77.88

Table 13.2: Podmienené generacia na BCSS: porovnanie vzorkovacov (metriky na
10000 vyrezoch).

Absolatne FID st vyS$sSie neZ pri nepodmienenej diftzii, ¢o zodpoveda priorite do-
drZzania rozloZenia tried podla masky namiesto dokonalosti textur. Na zéklade
vysledkov validacie rozmiestnenia Struktur sa vysledky v préaci oznacené za dosta-

to¢né a to aj napriek artefaktom.

Skladanie regiénov, WSI a abla¢ni stiadia spojov

Region 1024x1024 bol zostaveny zo Styroch podmienenych vyrezov 256 X256 s in-
paintingom spojov. Oproti naivnému spajaniu su spoje vizualne menej viditelné.
Pre 4096 x4096 bol pouzity postup zmenSenie-inpainting—zviacsenie, aby bolo mozné
spracovat velka mriezku v dostupnej pamaiti grafickej karty. Globalne rozloze-
nie tkaniva zostalo konzistentné s maskou. Pri celej WSI sa blokova Struktira
4096 x4096 kombinovala s globalnou farebnou normalizaciou. Viditelnost hranic
medzi velkymi blokmi méze zostat pritomna a je v praci otvorenym obmedzenim
pre dalsie zlepSenie. V abla¢nych $tudiach dosiahla najlepsie vysledky kombinacia
inpaintingu, vlnitych masiek spojov a farebnej normalizavie. Segment Anything
a Felzenszwalbove superpixely slazili na kvantifikiciu presnosti a recallu hranic

v pasme spoja: oproti naivnému dlazdeniu sa znizila zhoda hranic s mriezkou.
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Pri priamom porovnani rovnych a vinitych spojou pomocou LPIPS v Sirsich okra-

jovych pasmach dosiahli vinité masky lepSie vysledky ako rovné masky spojov.

Prieskum s laikmi

Sestnast tcastnikov (jeden pilot a pdtnasti v hlavnom kole) plnilo alohu hladania
v syntetickej snimke Struktury podla referen¢ného vyrezu v aplikacii HistoView.
Vicsina ucastnikov ulohu dokoncila v priebehu niekolkych minat. Referencny
vyrez bol podla spétnej vazby dostato¢ny na orientaciu. Ako najlahsie najditelna
sa javili oblasti tuku (vysoky kontrast vo&i okoliu), naro¢nejsie boli stroméalne
oblasti s postupnym prechodom textary. Tumory boli dobre hladatelné pri silno
viditeInych susednych $truktirach s inym tkanivom, no pri nizkom zvacéseni boli
susedné oblasti obc¢as vizudlne pribuzné. Skumané boli predovSetkym kategorie
stroma, lymfocytarna infiltracia, tumor, cievy a tuk. Kréatka tréningovi poduloha
pred hlavnym testom podla spitnej véazby znizila neistotu pri ovladani anota¢ného
nastroja a zjednodusila umiestnenie anotacie. Hlavné fazkosti ucastnici pripisovali
skor zo strany nastroja (¢i je anotéacia zapisana alebo citlivost zoomu) nez samotne;

interpretacii tkaniva.

V abla¢nych stadiach skladania sa porovnavali konfiguracie oznacené v praci ako
B1-B8: od naivného dlazdenia cez postupné pridavanie inpaintingu, vinitych spo-
jov, zdielanej inicializacie Sumu a globalnej farebnej normalizacie. Ciarové grafy
pre metriky spojov ukazuji konzistentné zlepSenie voci dlazdeniu B1. Segment
Anything sa zameriava na presnost a recall hranic vo vztahu k spoju a super-
pixely na analogické trendy. NajnizSiu viditelnost prepojenia hranic segmentacie
s mriezkou dosiahla najsilnejsia kombinacia (inpainting + vInité spoje + konzis-
tencia farieb). Tym je experimentalne podlozené, ze zniZenie spojov nie je len

vizuélny dojem, ale meratelné aj cez segmentacné podilohy.
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Vysledky experimentov: RA-HIPT

Ucenie bez ucitel'a pri RA-HIPT (BCSS, regiony 4096 x4096)

Konfiguracia pre zakladny model: optimalizér AdamW (uciaca rychlost 1075,
vahovy decay 107%), kosinusovy rozvrh ucenia (Tj.. = 25, miniméilna sadzba
1079), velkost davky vyrezov 16, 25 epoch. Cross-attention modul mal hibku 12,
12 hlév a rozmer embeddingu 192. Strata v rezime ucenia bez ucitela kombinovala
diverzitu, konzistenciu, kontrast, rekonstrukciu, curiosity a Mahalanobisovsky mo-
tivovany ¢len. Vaha vztahovej vetvy sa po tvodnom trénovani zvySovala. Krivky
tréningu boli spociatku silne nestabilné, neskér konvergovali. Vizualizacie po-
zornosti po jednotlivych hlavach ukazali, zZe po zavedeni diversity regularizacie
hlavy nekolabuju na identické mapy, ale Specializuji sa na rozne casti tkaniva

alebo pozadia.

Graph RA-HIPT, ucenie bez ucitela (BCSS, 4096 x4096)

Pridanie regularizacnej grafovej struktiury: AdamW, davka vyrezov 16, 15 epoch
(kratsi beh), cross-attention hlbka 6, pocet hlav 6, rozmer embeddingu 384. Ak-
tivne boli grafové stratové funkcie vratane diverzity, riedkosti, hladkosti, predikcie,
koherencie a obmedzeni na grafe zachytévajuci vztahy medzi regionmi s postupnym
zapinanim jednotlivych stratovych komponentov pocas tréningu. Tepelné mapy
agregovanej pozornosti ukazali zameranie na oblasti s tkanivom. Graf zachyta-
vajici vztahy medzi regionmi bol v porovnani s neskor§im behom s vyuzitim
slabych anotécii na syntetickych datach riedsi, ¢o znamena menej vyraznych hran
medzi regiénmi, toto v praci sivisi s chybajicou silnou metodikou trénovania s
celkovymi anotaciami a zloZzitostou realnych snimok. PCA embeddingov a diag-
nostiky kolapsu slizili na sledovanie variability reprezentacie pocas ucenia. V niek-

torych fazach tréningu existovalo riziko kolapsu embeddingov, ktoré sa zmierniovalo
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tupravami hyperparametrov a regulariza¢nymi ¢lenmi obsahujicich v celkovej stra-

tovej funkcii.

Z kvalitativneho hladiska nie je pri ¢istom SSL na realnych WSI vidy mozné
bez doménového experta potvrdit, ¢i kazda vyrazna Struktira na tepelnej mape
zodpoveda konkrétnej biologickej morfologii. Presne tato medzera motivuje exper-

iment na syntetickych datach so zndmou maskou pre celd snimky.

Graph RA-HIPT, s vyuzitim slabych anotacii (kontrolovany
synteticky dataset, patch 256x256)

Konfiguracia: AdamW (5 - 107>, decay 10~%), davka vyrezov 16, 15 epoch. Cross-
attention hibka 2, 8 hlav, rozmer 512. VyuZitie slabych anotacii a grafova reg-
ulariza¢na Struktira boli sticasne zapnuté. Znidma sémantickd maska genera-
tora umoznila porovnavat tepelné mapy s ocakdvanym rozmiestnenim tried. Po
tréningu pozornost Castejsie korespondovala so Struktirami v maske. Graf zachyté-
vajuci vztahy medzi regiéonmi obsahoval viac vyznamnych spojeni nez v ¢istom
SSL grafe na BCSS, ¢o experimentalne podporuje hypotézu, 7e syntetické data so
znamim rozlozenim $truktar poméha ucit model explicitnej$ie vztahy. Pomocné
klasifikicia z embeddingov odhalila najvacsie problémy medzi morfologicky podob-
nymi triedami (napr. nekrotické oblasti a odpad, krv, metaplazia), ¢o koresponduje
s nevyvazenostou tried, no tato tloha nebola cielom nasel prace, preto sme sa na

nu dalej nezameriavali.

Graph RA-HIPT, s vyuzitim slabych anotacii (BRACS)

Hyperparametre zodpovedaju tréningy s vyuzitim slabych anotacii (AdamW 5 -
10~°, davka vyzrezov 16, 15 epoch, hibka 2, 8 hlav, 512 rozmer, grafova struktira

zapnutd). Tepelné mapy na realnych WSI sii vizudlne menej homogénne nez na
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syntetickych datach, av8ak po niekolkych epochach model zvyraziuje oblasti s bi-
ologicky suvisiacim tkanivom. PCA a rozdelenie stuphov uzlov v grafe naznacuja
mensi kolaps reprezenticie a stabilnejsie vahy hran oproti ¢isto SSL grafovému
experimentu na BCSS. Graf zachytavajici vztahy medzi regionmi obnovuje sused-
stvad a vizby medzi regionmi aj pri redlnych datach. V texte préce st vybrané
vystupy diskutované aj vo vzfahu k medicinskej literatiire (napr. cievy, zlaza-
metaplazia, lymfocytarna infiltracia) ako nezavisla kontrola zmysluplnosti mapy,

nie ako definitivna klinicki interpretécia.

Zhodnotenie vyskumnych otazok

RQ1: na syntetickych WSI s kontrolovanou maskou mozno vizuélne skontrolovat,
¢i tepelné mapy a graf vztahov reSpektuju o¢akavané susedstva tried. Hustejsi graf
zachytavajuci vztahy medzi regiénmi pri slabo anotovanom trénovani Graph RA-
HIPT na syntetikeych datach podporuje hypotézu, Ze zndma Struktira pomaéaha
ucit explicitnejsie vizby nez ¢isty SSL graph na BCSS. Na BRACS s regulariza¢nou
grafovou $truktirov pri slabsie anotovanom tréningu. model poskytuje konzistent-
nejsie regiondlne vztahy a dosahuje menej znamok kolapsu v PCA nez ¢isto SSL
experiment s grafovou Struktirov na BCSS. Samotné medicinska korektnost vyz-

namu mapy vsak vyzaduje kontrolu patolégom.

RQ2: tabulky FID/IS pri nepodmienenej difazii ukazuji, ze DDIM 50 je vyrazne
rychlejsi nez DDPM 1000 pri porovnatelnom alebo lepsom FID nez dlhé behy
DDIM/PLMS v tejto konfiguracii. Pri podmieneni na BCSS najlepsie (najnizsie)
FID v tabulke dosahuje PLMS 500, no za cenu dlhého vzorkovania. DDIM 50
je prakticky kompromis medzi FID priblizne 122-123, PSNR okolo 10,3 dB a
c¢asom pod 10 minat na 10000 patchov. Metriky spojov a abla¢né studie Bl-

B8 dokazuji, Zze metodika kontrolovaného generovania skutoc¢ne zlepsuje skladanie
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vyrezov oproti naivnému dlazdeniu, ¢o je predpoklad pre pouzitie syntetickych

WSI ako valida¢ného datasetu.

RQ3: tepelné masky pre kazda hlavu modulu pozornosti, PCA embeddingov
a grafy zachytavajice vztahy medzi regionmi poskytuju podklad na diskusiu s
odbornikmi. Praca ich pri experimente s BRACS datami dopliia o zmienky medicinskej
literattury ako nezavisla kontrolu vystupov. AvSak definitivna klinickéd validacia os-
tava na strane patologov. Praca zamerne nepretvara klasifikiciu na jediny dokaz

uspechu, ale pouziva ju ako sekundarny signal pri nevyvéazenych triedach.

Implementacia a nastrojova c¢ast

Experimenty st implementované v jazyku Python s kniznicami pre hlboké ucenie.
Priebeh ucenia, metriky a generované sumare si ukladané tak, aby bolo mozné
vysledky z priloh a logov spétne overit. Velké WSI sa spraciuvaju po regionoch
a davkach vyrezov podla paméte GPU. Konfiguracie pre VQ-VAE, diftziu a RA-
HIPT su spristupnené v technickej prilohe, aby boli opakovatelné v rovnakom

softvérovom rameci.

Pre kvalitativne tlohy bol pripraveny prototyp anota¢ného a zobrazovacieho nastroja
(HistoView) na prezeranie syntetickych WSI a tepelnych mép s ovladanim zoomu,

panoramy a anotacii vyuzitymi v prieskume. Repozitér je verejne dostupny [54].

Obmedzenia a perspektivy

Medzi obmedzenia patri doménovy posun pri maskadch odvodenych z inej entity
nez histologia prsnika (vratane odlisnej struktiry tkaniv oproti BRACS/BCSS),
nerovnovaha tried v BRACS ovplyviiujica pomocnu klasifikdciu, artefakty pri

velmi velkom rozliSeni generovanych snimok, pri latentnej kompresii VQ-VAE
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(moZn4 strata jemnych textur), ¢asova a pamétova naro¢nost velkych inpaintin-
govych mask a mozna viditelnost hranic medzi blokmi 4096 pri celej WSI. Teoret-

icky limituje aj zavislost FID /IS na ImageNet-kompatibilnom extraktore znakov.

Zavislost vyznamu tepelnych mép a grafov na dalsom potvrdeni patolégmi zostéva
otvorené: praca poskytuje vizualne a ¢iselné podklady, nie definitivnu klinickd in-
terpretaciu. Perspektivou je rozsirenie variability synteticky’ch mask a farebnej
normalizacii, doladenie inpaintingu na hraniciach blokov a pri extrémnych rozliSe-
niach, Specializovanejsie trénovania a stratégie ucenia bez ucitela pre histologiu,
roz8irenie poctu pouzivatel'skych testov a formalizované hodnotenie s expertmi v

slucke.

Suvisiace smery z literatury (ucenia so slabymi anotéciami nad skupinami vyre-
zov, Struktirovany latentny priestor, viacnasobné latentna difizia) naznacuja, ze
dalgia praca moze preskimat menej znadme prepojenie medzi generovanymi mor-
fologickymi pravidlami a u¢enim vztahov v transformerovej architektire, pripadne
spolo¢né tréningové ciele, ktoré este vyslovnejSie prepoja generator a detektor

biomarkerov na urovni regionov.

Zaver

Praca integruje RA-HIPT s kontrolovanym syntetickym generovanim snimok a
dodava rozsiahlu experimentalnu a valida¢na ¢ast: od VQ-VAE s FID 13,14 cez
systematické porovnanie DDPM /DDIM /PLMS na nepodmienenej latentnej difazii
(vratane vSetkych skiimanych poctov krokov a Casov vzorkovania) az po pod-
mienent generaciu na BCSS s kompletnou tabulkou FID /PSNR/SSIM a ¢asov pre
DDPM, DDIM i PLMS. Dokumentuje skladanie regiénov 1024 x1024 a 4096 <4096,
generovanie celej snimky, abla¢né Studie spojov s kvantitativnymi metrikami a

kvalitativnym prieskum s laikmi pri vyhladavani Struktar.

190



Chapter 13. Conclusion

Na strane RA-HIPT praca podéva zaklady pre ucenie bez ucitela na BCSS datasete,
roz§irenie regularizacnej grafovej struktary s diagnostikou kolapsu a PCA, slabo
anotovanymi grafovymi experimentmi na kontrolovanych syntetickych datach (porov-
nanie tepelnych map so znamou maskou a klasifikatnou maticou) a slabo anoto-
vanymi grafovymi experimentmi na BRACS s porovnanim stability embeddingov
vocéi ¢isto SSL grafovému nastaveniu. Vysledkom je metodicky zdokumentovany
radmec pre snimky s vysokym rozliSenim a validaciu vztahov medzi regiéonmi. Vys-
tupy nenahradzaju klinicku diagnozu a vyZzaduju dalSiu spolupracu s patologmi

pri prenose do praxe.
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