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Chapter 1

Introduction

Motivation

This thesis aims to address the application of deep learning models in image processing
from two perspectives. In the broader context, we uncover a logical clue that reveals the
direction of various structural evolutions and technical developments in deep learning
models. With respect to specific research topics, we focus on interpretability and
applications in image classification, including semantic segmentation, object detection,

and instance segmentation.

1.1 Background

Humans are very talented at jointly processing a variety of information and comprehen-
sively understanding corresponding scenes. Through a series of sensory systems, our
brain perceives the real world by integrating a spectrum of senses: vision, smell, hearing,
taste, and touch. Among these senses, visual information is the most frequent and direct
form of sensory stimulation. The brain will enhance the visual input signal, analyze
various aspects of the information, and integrate all pieces of evidence via a complex
network of neurons. By extracting information from the network of neurons, we can link
observations and recognize patterns. This active brain event is referred to as thinking,
which aims to reason/infer essence over evidence. Likewise, if a machine is capable of
reasoning, it demonstrates Artificial Intelligence (AI), which is defined as distinct from

the natural intelligence displayed by animals, including humans. Concerning natural
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intelligence, a process of inference reshapes neural connections by creating or deleting
connections between neurons. In artificial intelligence, computational graphs, where
nodes represent neurons and edges represent connections, imitate the reasoning process
by adjusting edge weights. Consequently, the graphs are called neural networks and
the process of adjusting weights is called learning.

In the field of computer vision, the most popular topics are mainly the following;:

e Classification is the most fundamental task in the field of computer vision.
Category cognition is used to correctly predict the class label(s) of a given
image. Classification only extracts the coarsest information, yet requires the least

supervision.

e Segmentation aims to efficiently generate a dense annotation for each pixel
within a given image and classify them into different semantic regions. Semantic
segmentation stops at class-level dense annotation, which only discriminates
objects among different classes. Instance segmentation goes deeper toward

instance-level annotation, further separating individual objects within each class.

e Detection is an intermediate level between classification and segmentation. The
aim is to find a region-level classification that localizes each object while attaching

a class label to the corresponding region.

In this thesis, we focus primarily on segmentation, object detection, and instance
segmentation. Early deep learning models were based on fully convolutional neural
networks, which cannot easily capture long-range dependencies between any pair of
positions due to the limitation of the field of perception used in convolution operations
[455]. In recent years, with the development of attention mechanisms, several deep
learning models have contributed to the state-of-the-art (SOTA) in segmentation
[178], 105 368] and detection [870, 367, 808]. These SOTA neural networks, however,
work as black boxes. Without clear interpretations, Al is hindered from being widely
applied in realistic scenarios due to a lack of administration. Therefore, it is worth
exploring mathematical explanations to understand it better.

In this chapter, we first give some insight into the datasets that we used in our
experiments. Given these datasets, we explain the major aspects addressed in this
thesis. We investigate feature space learning under full supervision and formulate
attention mechanisms as a variational Gaussian mixture. Next, we elaborate on how
to decompose a feature space into background and foreground classes and introduce
additional geometric constraints to facilitate semantic segmentation with only image-

level supervision. Both aspects share the importance of building good feature spaces
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from which we can learn better class-specific representations. Moreover, we explored

extending attention mechanisms to process very dense objects.

1.2 Preliminaries

1.2.1 Data Sets for Computer Vision Studies

The availability of image-annotation paired datasets is limited due to the significant
manual effort required to collect pixel-level annotations.
The research in this thesis is based on four public datasets and one private medical

dataset:

e The PASCAL Visual Object Classes dataset [167] has been widely used as a
benchmark for object detection, semantic segmentation, and classification tasks.
It contains 20 object categories and has been split into three subsets: 1,464

images for training, 1,449 images for validation, and a private testing set.

e The Microsoft COCO dataset [415] is a large-scale dataset that addresses four
computer vision tasks: semantic segmentation, object detection, instance seg-
mentation, and panoptic segmentation. Containing more than 200,000 annotated
images, there are 80 object categories for object detection, semantic segmentation,
and instance segmentation, while there are 80 thing categories plus an extra 91

stuff categories for panoptic segmentation.

e The Cityscapes dataset [123] is a large-scale database that focuses on the semantic
understanding of urban street scenes. It provides semantic, instance-wise, and
dense pixel annotations for 30 classes, grouped into 8 categories. The dataset
consists of around 5000 fine-annotated images and 20000 coarse-annotated images,
captured in 50 cities over several months, during daytime and under good weather
conditions. Its images are manually selected to feature the following: a large

number of dynamic objects, varied scene layouts, and varied backgrounds.

e The ADE20K semantic segmentation dataset [849] contains more than 20000
scene-centric images exhaustively annotated with pixel-level objects and object
parts labels. This dataset can support tasks of semantic segmentation, object
detection, instance segmentation, and panoptic segmentation. There are a total
of 150 object and stuff classes, including blocky regions such as sky, road, grass,

and discrete objects such as person, car, and bed.
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e We use images from kidney biopsies. These images are prepared in accordance
with the Pathology Laboratory Protocol for kidney biopsies. The tissues were
collected by core needle biopsy, Serra-fixed, rapidly processed using a routine
tissue processor, then paraffin-embedded, serially sectioned at 5 pm, mounted onto
adhesive slides, and stained with JONES silver staining. All biopsy samples, both
transplant and native kidneys, from 148 patients were collected from the multi-
center archive of the Departments of Pathology at LUMC, AUMC, and UMCU
in the Netherlands, or from the Department of Nephrology in Leuven, Belgium.
A pathology staff member anonymized all biopsies before further analysis. The
148 Jones-stained WSIs were obtained from scanners with PPM = 0.25 in BIG-
TIFF formatﬂ and 303 patches were extracted by software ASAP version 1.9 for
Windows E| at level 0 of the BIG-TIFF images. 249 patches are used for training

and 54 patches for evaluation.

1.2.2 Importance of Feature Space Learning in Computer Vi-

sion

Feature space refers to the n-dimensional vector space on which all possible feature
vectors reside. Each vector is extracted from the given data via some defined mapping
functions [349]. Feature space is one of the most fundamental infrastructures on
which machine learning is built to represent and learn concepts digitally. Given a
feature space, any data can be represented as a feature vector, giving coordinates
in the n-dimensional space. Then, semantic segmentation tasks in computer vision
are formulated as decision boundary problems that separate different class-specific
examples with minimal error. Modern deep learning models can automatically learn
to extract appropriate features and infer decision boundaries in a fully supervised
way. However, the training process operates as a black box, as it is too complex. To
simplify the black box, we separate feature extraction from inference and focus on
drawing decision boundaries in the given feature space. We can rethink the feature
representation of each class over a given dataset in classification tasks according to
two observations: (a) any given dataset can define a closed set of relevant classes,
i.e. foreground classes, which implies an infinite complementary set of irrelevant
classes, i.e. background classes. (b) Any objective function assigns different scores

to different decision boundaries, thereby inevitably creating a subset of equipotential

Lhttps://www.awaresystems.be/imaging/tiff/bigtiff.html
2https://computationalpathologygroup.github.io/ASAP/
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elements. The observation (a) indicates that it is irrational to infer background as
a single class, whereas it is intractable to represent each one within precisely. The
observation (b) implies that there is a set of necessary constraints that is learned
to select among these equipotential elements and pushes decision boundaries toward
the desired results. During training, both requests can be implicitly satisfied in fully
supervised learning due to detailed target information, but this creates two difficulties
for weakly supervised learning. Therefore, in this thesis, we are motivated to explore
the construction of feature spaces for both fully and weakly supervised cases. For
fully supervised semantic segmentation, we propose a variational Gaussian mixture
model (VGMM) framework that leverages target information and constructs a feature
space in which a single semantic vector represents each class. For weakly supervised
semantic segmentation, we use conditional probabilistic models to complete two missing
components due to using image-level target information: (1) to decompose background
and foreground representations separately; (2) to integrate extra geometrical constraints

to eliminate equipotential elements.

1.2.3 Introduction to Attention Mechanisms

Attention mechanisms are among the most important components in modern deep
learning models because they are involved in constructing feature space. Attention
mechanisms were first used for transformer models, and were initially shown to be
effective in natural language processing tasks [642] and later for many computer vision
works [156], 693], 674]. Attention mechanisms first take triplets (query, key, value)
as input. For each query-key pair, attention probabilities are computed as feature
similarities via the inner product. Finlay, a new query will be reconstructed as the
sum of values weighted by attention probabilities. In this thesis, we interpret attention
mechanisms as soft clustering processes. Depending on the triplet (query, key, value)
settings, attention mechanisms can be roughly categorized into two types. One defines
a set of global queries and updates them across the entire dataset [654] [773], working
in a K-means clustering manner. The other generates a set of dynamic/local queries
and discards them after use [663], working in a K-Nearest Neighbors (K-NN) clustering
style. In this thesis, (1) we generalize K-means attention mechanisms into probabilistic
models and explore the learned feature spaces from deep learning models; (2) we
integrate K-NN attention mechanisms with regional neural networks (R-CNNs) and

diffusion models for dense instance segmentation.
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Research Questions

1.3

Research Questions

To detail aspects of segmentation and detection algorithms, we propose the following

research questions:

RQ1

RQ2

RQ3

RQ4

RQ5

RQ6

(Chapter [2) What are the current developments of deep learning models and

their applications in image processing?

(Chapters [3)) How can we explain an attention mechanism as a probabilistic model

that captures global cross-class correlations in semantic segmentation tasks?

(Chapters [3)) How can we integrate geometric constraints into a probabilistic

model and efficiently solve it?

(Chapters |4) How can we interpret weakly supervised semantic segmentation as

a feature space decomposition problem using conditional probabilistic models?

(Chapters {)) How can we eliminate the equipotential of the loss surface in the

weakly semantic segmentation using geometric regularization?

(Chapters [5) How can we equip an attention mechanism with an R-CNN in a
diffusion manner in support of efficiency and generalization of dense instance

segmentation tasks?

1.4 Thesis Structure

The remainder of this thesis is structured according to the research questions presented

in the section [1.3] These are subsequently presented in four research chapters and a

concluding chapter.

Chapter 2 provides a novel perspective for organizing the development of deep
learning models in the image processing domain: image classification, image
segmentation, and object detection (related to the . The survey provides
a blueprint for broadening our understanding of related techniques to address
challenges in the computer vision community. It provides a comprehensive in-
troduction to contemporary deep learning systems and their core components,

presented chronologically. In addition, we introduce other stand-alone techniques
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to improve the performance of deep learning models. Moreover, we collect repre-
sentative work across a variety of image processing applications: classification,

detection, image generation, and an important sub-field: medical data processing.

Chapter 3 narrows down our research topic on semantic segmentation and
revisits the important attention mechanism with a K-means style. We introduce
a variational Gaussian mixture model (VGMM) that efficiently captures global
cross-class correlations (related to [RQ2). Similar to MoCo [243], our VGMM
can be used as a light-weight plug-in. All parameters will be updated using
momentum. Our model can analyze the feature spaces of deep learning models
and probe residual queries (as in . The experimental results show that our

approach achieves performance comparable to that of the compared methods.

Chapter 4 further explores the function of the attention mechanism in a weakly
supervised paradigm where we can exploit the long-range contextual features to
compensate for the missing supervision information. Specifically, we formulate
weakly supervised semantic segmentation as a conditional labeling assignment
problem. Based on contrastive learning [87], we first decompose the feature
space into background and foreground sub-spaces via a binary segmentation
(refer to . Then, subsequent class-specific segmentation is just inferred
within the foreground subspace through attention mechanisms. Finally, we use
level-set methods for total-length and minimal-region constraints, ensuring that
the semantic segments are smooth (refer to . The experimental results show

that our approach achieves performance comparable to the other methods.

Chapter 5 extends our research range onto instance segmentation/object de-
tection, and proposes a generative method to tackle complicated medical data:
kidney pathology images. Specifically, the chapter focuses on an anchor-free
instance segmentation approach that can process a large number of objects
(varying from 300 to 1000). Our framework combines diffusion models, R-CNNs,
and Transformers (related to RQ.6). The diffusion models will provide random
Gaussian noise as initial bounding boxes to replace anchors, and iteratively
refine these noisy boxes into predicted bounding boxes. The Transformers ob-
tain pooled regional features from previously refined boxes, extract regional
features from them, and interpret all features as dynamic queries (related to
. Among different object proposals, attention mechanisms can capture
long-term dependencies. Based on these proposals, RCNNs will predict final

instance segments, thereby alleviating resource costs. The experimental results
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show that our approach outperforms the compared methods and can perform

domain translation.

Chapter 6 elaborates the connection among the previous chapters and sum-
marizes our contributions for exploring feature space, attention mechanisms,
and probabilistic frameworks in computer vision tasks. In addition, we briefly
describe the remaining challenges and potential improvements for the proposed
approaches. Lastly, current challenges motivate future work on interpretability,

cross-modality integration, and reliable data generation.

1.5 Terminologies and Definitions

In this section, we provide descriptions of common terms used in neural networks.

e Feature, used in deep learning, is an N-dimensional matrix (or formally called a

tensor), containing representative information to describe key aspects of given

data for a certain task.

Convolution is a linear summation of element-wise products between two
functions. One function, f(x), is called the input function. The other, g(z), is
called the kernel (function). The domain of kernel D normally is a subset of the
domain of f(z) and g(x) acts as weights to accumulate f(x) into a real number
H(x):

H(z) = f(z—i)g(i) (1.1)

i€D

Activation, or activation function, is a family of non-linear functions to enhance
the representation ability of neural networks. The most commonly used activation

functions are the sigmoid, rectified linear unit (ReLU), softmax, and softplus.

Pooling is an approach to down-sampling feature maps by summarizing the
presence of features in patches of the feature map. Two common pooling methods
are average pooling and max pooling, which summarize the average and the

maximum activations of a feature, respectively.

Layer logically is an atomic module that must be executed as a basic unit during
runtime. The module can consist of several operations. Normally, a standard

layer has convolution(s) and activation(s) w/o a pooling.
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Pyramid is a kind of data structure stacking with N layers. A layer [ at k-th
level has a larger size than that of l; where k € {0,1,2,...,N}.

Fusion is a kind of mathematical operation f(-) used to integrate N features
into M features (normally M = 1). For instance, element-wise sum, element-wise

product, or concatenation.

Self-Attention, or called attention in short, is a kind of feature that acts as a
modulation. The modulation only responds to relevant regions over the feature

and removes noise or negligible parts.

Ground truth denotes a correct result to a certain task justified by a human.
For instance, manually labeled binary segmentation serves as ground truth for

training a semantic segmentation network.

Loss function is an objective function that measures the difference/error between
the output of a network and the given ground truth. The cumulative loss can

guide the training network in adjusting its internal parameters to reduce error.

Annotation normally relates to ground truth used in segmentation tasks. A
dense annotation denotes per-pixel labeling, where each pixel is uniquely assigned
to a class—for instance, a binary segmentation for all cars in an image. Addition-
ally, instance-level dense annotation assigns each pixel to an object with a unique
ID. For example, a segmentation for each car in the image. Notably, an instance

annotation is not a binary image since each instance occupies a unique ID.

end-to-end is a term to indicate if a network can output its prediction in the
same format as the ground truth. For instance, if a ground truth is an instance
annotation, then an end-to-end network also outputs an instance annotation

without any other add-on post-processing procedures.

Fully convolutional network means the whole network is built without a

fully-connected layer. For more details, please refer to [444].

Multi-scale, or called multi-resolution and cross-scale, is a term to indicate that
features of different layers have different sizes due to the existence of pooling
functions. A multi-scale network fuses features from different layers into enhanced

features that combine context information and accurate spatial resolution.

Regression, or regression analysis, estimates the relationships among variables.

It includes many techniques for modeling and analyzing several variables when
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the focus is on the relationship between a dependent variable and one or more

independent variables.

instance-awareness is a term to indicate that if a network can sense individual
identities sharing the same class label. For instance, if a network can correctly
label every individual car in an image with a unique instance ID, it has instance-

awareness.

10
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Chapter Summary

The rapid advancement of deep learning models (DLMs) in computer vision is driven
by their capacity to unify feature representation and task inference into end-to-end
automated frameworks, thereby surpassing manual feature engineering. This survey
categorizes DLMs into Convolutional Neural Networks (CNNs), Visual Transformers
(ViTs), and hybrid models based on their core components (convolutional vs. attention-
based), systematically reviews their technical evolution, and critically analyzes their
strengths and limitations. CNNs, the pioneering paradigm, leverage the locality of
convolution kernels for efficient hierarchical pattern extraction. However, their reliance
on multi-layer stacking to aggregate global context and rigidity to geometric variations
has motivated innovations such as deformable convolutions to expand receptive fields.
ViTs, emerging later, prioritize the globality of attention mechanisms to model long-
range dependencies directly, but face computational bottlenecks and noise sensitivity,
which are addressed by sparse attention and hierarchical tokenization. Hybrid models
now dominate as optimal compromises, combining the locality of CNNs and globality
of ViTs to balance efficiency and expressiveness. Moreover, we emphasize universal
techniques—mneural architecture search (NAS), model compression, and self-supervised
learning—as indispensable tools to enhance robustness and adaptability across archi-
tectures. Despite progress, challenges persist in interpretability, data efficiency, and
real-world robustness. We advocate prioritizing lightweight hybrid designs, explainable
attention-convolution combinations, and cross-modal systems integrating more data
beyond vision. This survey not only systematically reviews the technical evolution
of DLMs but also proposes a forward-looking roadmap for adaptive, scalable, and

trustworthy vision systems, grounded in current technological trajectories.

Keyword: Machine Learning Deep Learning  Convolutional Neural Network

Vision Transformers CNN-Transformer Architectures

12
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2.1 Introduction

The rapid advancement of machine learning (ML) has profoundly reshaped modern
society, embedding itself into nearly every aspect of daily life. From personalized
recommendations in e-commerce and content moderation on social platforms to real-
time language translation and autonomous decision-making systems, ML technologies
have become indispensable tools for fully exploiting the value of vast amounts of data
(big data) and unleashing their immense potential. At its core, the capacity of ML
systems to automatically discover hidden patterns in multi-modal inputs (i.e., text,
images, audio, and sensor data) has exceeded the limitations of traditional approaches
and advanced the computational boundaries to complex, high-dimensional information.
Among the diverse sub-fields, computer vision stands out as a cornerstone due to its
direct relevance to automating the interpretation of visual data.

In computer vision, traditional systems relied heavily on handcrafted feature
engineering, in which experts manually designed filters (e.g., edge detectors, texture
descriptors) to extract structure-dependent representations for task inference. While
friendly to interpretability, these methods lack adaptability to inherent variations and
complexities present in real-world data, such as lighting variations, occlusions, and
deformable objects, hindering generalization across data structures or distributions.
For instance, conventional techniques for lesion detection or cellular segmentation in
biomedical imaging demand laborious parameter tuning to accommodate diverse tissue
structures and imaging modalities. By contrast, ML-based approaches, particularly deep
learning (DL) methods, circumvent these limitations by automating the construction
of feature representations directly from data. By training on large-scale datasets, DL
networks have achieved superior performance across diverse tasks like object detection,
image segmentation, data simulation, drug discovery, and pathological diagnosis.

The explosive growth of the literature on deep learning for computer vision poses
a unique challenge: organizing decades of research into a clear, logical structure that
captures the core contributions, advancements, and limitations in the field. Existing
surveys often categorize works by application domain or chronology, but this approach
risks obscuring the underlying evolution of model design principles. To address this, we
propose a novel organizational perspective rooted in the mathematical foundations of
core computational components, namely convolution kernels and attention mechanisms.
By dissecting their formulations, we systematically reveal the inherent strengths and
limitations of Convolutional Neural Networks (CNNs) and Visual Transformers (ViTs),

as well as their interconnections, paving the way for the foreseeable emergence of hybrid

13
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models that combine their advantages.

Convolutional operations, characterized by fixed receptive fields and weight sharing,
excel at capturing localized spatial patterns through inductive biases like translation
equivariance. These properties make CNNs highly efficient for processing complicated
grid-structured data via a hierarchy of convolutional layers, while maintaining com-
putational efficiency and good generalization performance, particularly on relatively
small datasets. However, their rigid receptive fields and static kernel parameters hinder
modeling of long-range dependencies and adaptation to complex geometric variations.
Attention mechanisms, conversely, employ global receptive fields and compute long-
range pairwise interactions across all input elements, thereby capturing the so-called
global context. This flexibility allows ViTs to dynamically adjust weights based on
the input and to benefit from global reasoning, such as in panoptic segmentation or
cross-modal retrieval, but at the cost of quadratic computational complexity, sensitivity
to noisy tokens, and data-hungry.

Compared to previous surveys, our survey proposes a novel organizational structure
grounded in the mathematical and computational foundations of the models. The deep
mathematical kinship naturally motivates the design principle of hybrid architectures
that use flexible dynamic aggregation schemes across different feature scales, balancing
convolutional locality with attentional globality for efficiency and expressiveness. For
instance, deformable convolutions that learn adaptive yet sparse sampling grids can
capture non-local representations from high-resolution feature maps with small overhead,
whilst sparse attention mechanisms can model dynamic long-range correlations from
low-resolution feature maps to support customized global inference for all input data.
Such connections underscore the inevitability of hybrid designs, where complementary
inductive bias of convolutional kernels enables efficient task-agnostic extraction of
commonality (i.e., building a shared feature space), whilst the dynamic global contexts
in attention mechanisms support flexible task-specific extraction of individuality (i.e.,
performing input-dependent task inferences), to tackle complex vision tasks.

In addition, this survey extends beyond mere taxonomy to encompass universal
advancements, including neural architecture search, model compression, self-supervised
learning, diffusion methods, and deep unfolding techniques. These can improve the
overall performance of DL models, transcending architectural boundaries. Moreover,
we illustrate the remarkable progress achieved in visual applications, including generic
computer vision tasks (e.g., classification, detection, data generation) and a dedicated
section for medical data analysis. Given limited annotations, multi-modal data,

and high-reliability requirements, it is worth paying attention to specialized archi-
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2.2. Developments

Section 2.1 Various Convolutions Section 2.3

Development focused development of
readers Section 2.2 Different Attentions Hybride Models
Section 3.1 Neural Section 3.2 Neural Section 3.3
Enhancement focused Architecture Search Architecture Compression | self-supervised
readers Section 3.4 Knowledge  Section 3.5  Section 3.6 / unsupervised
Distillation Diffusion Deep Unfolding learning
. . Section 4.1 Classification Section 4.2 Detection .
Application focused Section 4.3
readers Section 4.4 Section 4.5 Medical Data  mage Generation
Universal Models Analysis

Figure 2.2: Text roadmap for each of the specific sections of the survey.

tectures and learning paradigms for medical vision tasks. Furthermore, we explore
current challenges and future research directions. From the perspectives of lightweight
model compression, interpretability enhancement, and multi-modal fusion, we delineate
possible technical pathways for designing scalable, interpretable, and robust computer
vision systems.

In conclusion, the survey presents a comprehensive architectural coverage. It
provides a systematic review of the technical evolution, strengths, and limitations of
the three major paradigms: CNNs, ViTs, and Hybrid models for organizing decades
of research and revealing the underlying evolution of design principles, as depicted in
Figure To facilitate survey perusal, we have provided a text roadmap (Figure
to quickly locate the key sections.

2.2 Developments

Deep learning [257), [349] is a specific kind of machine learning. From a systematic
perspective, a deep learning system typically has two phases: training and testing.
At the training stage, a system consists of four components - a dataset that feeds
valid raw data into the system, a representation model extracting machine-oriented
discriminative features, a task-specific estimation metric (also known as loss/cost/object
function) to measure the error from machine predictions to human expectations, and
an optimization algorithm for automatic parameter tuning - while at the testing
stage, it freezes all hidden trainable parameters and is ready to use. For improved
representational capabilities, extracting features across multiple scopes and fusing

information at different scales are essential. In fact, the evolution of deep architectures
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in computer vision is fundamentally driven by the pursuit of an optimal balance between
local and global feature aggregation, and between static and dynamic parameterization.
Currently, there are three main architectures for image processing in computer vision:
Convolutional Neural Networks (CNNs) established the initial paradigm, leveraging
local, static kernels for efficient hierarchical feature extraction; Visual Transformers
(ViTs) shifted the paradigm by introducing global, dynamic attention to capture long-
range dependencies directly; Subsequently, Hybrid architectures emerged as a synthesis,
strategically combining convolutional locality with attentional globality to achieve a
more efficient and expressive balance. In this section, we elaborate on the progression
and explicitly connect each architectural innovation to its underlying mathematical

principles.

2.2.1 Convolutional Neural Networks

CNN is a feed-forward neural network that can extract features from data using
convolution operators, as shown in Figure Unlike traditional machine learning
methods that rely on manual feature construction, CNN automates feature extraction
by convolving data with a stack of differentiable composite functions. If each function
denotes an artificial neuron, the extraction process is analogous to visual perception
[349], where each neuron can respond to various features and transmit the information

to the next neuron.

Foundations of CINNs

The basic module in a CNN comprises mainly four operations, with optional functions:
a convolution operation, a normalization operation, an activation operation, and an
optional pooling operation, along with additional residual connections or random

dropouts.

Standard convolution

Standard convolution operations are the most fundamental elements in neurons, de-
signed to process grid-structured data (e.g., images and videos). Originally developed
from signal processing, convolutions were initially designed to detect patterns with
predefined kernel weights. In deep learning, however, they have evolved into learnable
feature extractors, in which kernel weights are optimized via backpropagation based
on the input data. The essence of a convolution involves sliding a small filter over

the input. The kernel performs pairwise multiplication between kernel weights and
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Figure 2.3: Schematics graphical representation of a generalized framework for a Convolu-
tional Neural Network (CNN) with L blocks.

the corresponding input elements at each sliding position. This process captures local
patterns and relationships within a local field, enabling the model to acquire essential
features.

Mathematically, a generalized standard convolution EI in machine learning works
as a sliding-window operation over the input feature maps. For clarity, we begin with
a special case of a generalized 2D convolution and then extend the definition to higher
dimensions. Consider an input feature map X € R¥*WxCin where H and W are the
spatial height and width, and Cj, is the number of input channels. A generalized 2D
convolution contains C,,; learnable kernels and independently applies each kernel
to produce one channel of the output feature map Y € RE W' xCour Therefore,
focusing on the dynamic process of the arbitrary kernel f. benefits understanding its
hyperparameters. Depending on different roles, all arguments can be divided into three
groups: 1) stride s decides the sliding displacement from the previous window center

to the next; 2) padding size p E| controls the valid range of sliding window centers

1To show the geometrical characteristics of convolutions, dilated convolutions are also included as
one type of standard convolutions in this paper.
2 Although different padding methods depend on the various boundary conditions, we argue that
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along the boundary to avoid discarding edge information; 3) kernel size k (usually
odd), dilation rate d > 1, and input channels Cj,, jointly decide a 3D window for local

operation.

a. Window Sliding with boundary condition

To preserve edge information, the input X is often extended by adding p rows/-
columns of values (normally 0) around its borders. Then the window size k, step length
s, and the padding size p jointly defines a function to map the sliding window centers

(z,y) from the coordinates (z’,y’) on the original input:

¥=p+arxs+(k—1)/2, v =pt+yxs+(k—1)/2 (2.1)

Likewise, considering the stride s and padding size p, the output size are given by:

H+2p—-dx(k—-1)—-1 2p—dx(k—-1)—-1

H =
L S S

+1]
(2.2)
Common padding schemes are valid when p = 0 and same (chosen p to get H' = H

and W' =W when s = 1).

b. Local window operation

It is common to overlook that each 3D kernel defines only a 2D grid, since the grid
is shared isotropically across all channels. Denote an arbitrary kernel as a 3D weight

kaka

tensor f. € inthen the window is defined by a regular sampling grid R that

contains k? offsets stretching by dilation rate d:

zge{VSJEJ}} (2.3)

where [-] denotes a floor function. Let each element (Az,Ay) = (d-i,d-j) € R

RS{(d~z‘,d~j>

corresponds to one offset point, centered at (0,0). When d = 1, the offsets are the
integer coordinates of a k x k square centered at (0,0), inducing a standard dense k x k
grid. When d > 1, the kernel samples are spread out, producing a dilated (sparse)

sampling pattern that effectively enlarges the receptive field without increasing the

they do not influence the mathematical representation.
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number of parameters (e.g., in dilated convolution). Inside the window, the input

values are weighted by the kernel weights and summed across all input channels:

Cin
Y@,y com) = >, DX + A0y + Ay cin) - fo(Ax, Ay i) (24)
(Az,Ay)eRE cin

Notably, the kernel applies the same grid isotropically across the spatial dimensions:
the same set of offsets is used at every window center, but the summation extends over
all input channels. Thus, the kernel is inherently a channel-wise aggregation fol-
lowed by spatial sliding, which can serve as the foundation for depthwise separable

convolution.

Other Components

Pooling operation is necessary for CNNs because it can expand the receptive field
of the convolution without a significant computational overhead. A pooling (i.e.,
down-sampling) operation partitions the input feature map into multiple regions, and
each region is pooled into a statistical summary. With fixed receptive fields, successive
convolutional operations can effectively search over larger spatial scopes using reduced
feature maps. The most commonly used pooling functions are max pooling [858]
(selecting the mode of one region) and average pooling [41] (selecting the mean of one
region). Therefore, pooling operations enable the hierarchical structure of CNNs and
introduce a strong inductive bias that the learned feature maps must approximately
satisfy the slow-variation assumption. Otherwise, a statistical summary (e.g., mode or
mean) cannot precisely describe the sampling region. Applying pooling techniques can
significantly reduce computational complexity and accelerate model training. There is

some theoretical research [40} [306] that gave a detailed analysis of pooling operations.

Normalization operation is a crucial technique in CNNs that standardizes feature vector
distributions to have zero mean and unit variance. Distribution standardization can
reduce internal covariate shifts between layers induced by parameter updates. Conse-
quently, each layer will operate under consistent conditions, stabilizing the training
process. In addition, normalizing feature vector magnitudes to a more compact range
can significantly reduce the influence of extreme-value outliers. Without extreme
features, normalization can mitigate vanishing (too small) / exploding (too large) gradi-
ents and alleviate overfitting by preventing feature learning from relying too heavily on

outlier features with extreme values. Therefore, these are crucial for fast convergence
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and generalization, especially in deep architectures. Common normalization techniques
in CNNs are designed to standardize along different dimensions for various application
scenarios. Batch Normalization [288] computes the mean and variance within every
mini-batch and its performance is dependent on the batch size; Layer Normalization
[19] normalizes across all feature channels of one feature map independently of the
batch; Instance Normalization [634] normalizes at one feature channel within one
feature map independently; Group Normalization [701] normalizes groups of feature
channels within one feature map, providing a balance between batch and instance

normalization.

Activation operation plays a crucial role in introducing nonlinearity into CNNs. With-
out non-linear transformations, a stack of linear transformations would essentially
act as a single linear transformation, limiting the ability to learn complex patterns
and relationships in data [552] [553]. For this reason, activation functions are applied
to each neuron’s output, and non-linear transformations are introduced before the
input of the next neuron. Similar to the function of a neuron in the human brain, an
activation function acts as a stimulus between two neurons, controlling the transmission
of information from one to the other. By stacking many convolutional layers and acti-
vation functions, deep neural networks can approximate any function, thereby greatly
enhancing their ability to fit data. Within CNNs, there are mainly two types of typical
activation function types: 1) map functions that non-linearly transform the input to
different representation spaces, including sigmoid, tanh, and softmax; 2) gate functions
that filter out irrelevant information include Rectified Linear Units (ReLU) [487] and
its variants like Parametric ReLU [246], Randomized ReLU [730], Gaussian-error linear
unit (GELU) [251], SiLU [478], Exponential Linear Unit (ELU)[II]], Squareplus [28].
In summary, activation functions enable CNNs to model intricate patterns and decision
boundaries through nonlinearity, thereby enhancing their performance across various
tasks.

Residual connection, also known as a skip connection, is a shortcut that allows a layer
to bypass multiple intermediate layers and connect directly to the computation of the
destined layer. This simple modification has profound implications for addressing the
degradation problem, where increasing the network depth leads to worse performance
due to training difficulties. In very deep networks, gradients can become vanishingly
small during backpropagation, making it difficult to train the early layers. Residual
connections provide a direct path for gradients to flow, stabilizing the training process.

Originating from ResNet [248], the residual connection enables the deep structures
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in CNNs. Recently, residual connections have also been successfully applied to other

types of neural networks, such as recurrent neural networks (RNNs) and transformers.

Dropout facilitates regularization in the network by randomly omitting some units or
connections with a predetermined probability. This random dropping of connections
or units yields different sub-network architectures, from which one combination can
be interpreted as an approximation to the mixture-of-experts [594]. Each expert can
generate weak predictions, and the ensemble of all experts can eventually enhance

generalization and mitigate overfitting.

Characteristic of CNNs

Within a CNN, each standard convolutional layer extracts information from a neigh-
borhood R of sampled locations and is responsible for detecting a distinct pattern
in the input. During training, the model undergoes backpropagation and gradient
descent to learn optimal convolutional filters. The essence enables the model to discern
meaningful patterns in the data for feature representation automatically. From the
perspective of extracting features at different levels, the mathematical definition of
standard convolution forces the design of CNNs that must be characterized in the

following three respects:

1. Local receptive field: Each neuron is connected only to a few neighboring
neurons based on the sampling locations R. This design promotes the extraction
of short-term correlations because each neuron learns a specific pattern within
its local scope. Local receptive fields are computationally efficient, focusing on

small regions to capture local details.

2. Hierarchical structure: Extracting long-term dependencies by convolutions
with increasing receptive field is computationally expensive. A rational alternative
is to use a hierarchical structure that can gradually decrease the sizes of feature
maps stage-wise via stride convolutions or pooling operations. With significant
computational overhead, convolutions can sample from larger effective scopes,
but at the cost of losing spatial information. Consequently, this architecture can
exhibit different features from local to global, but it introduces a strong inductive
bias: the learned feature maps must approximately satisfy the slow-variation
assumption. Otherwise, a statistical summary (e.g., mode or mean) cannot

precisely describe the sampling region.

3. Static Parameter: the weights in convolutional kernels are static because the

22



Chapter 2. Survey

same kernel is applied across all sliding locations. This weight sharing reduces
the number of parameters and accelerates computation, but introduces a strong
inductive bias toward translation equivariance. The bias means that if the input
feature is translated, the output changes accordingly. In other words, pattern
detection is not related to spatial locations. Using static parameters enables

training with less data.

Improvements of CNNs

However, standard convolutions face limitations in computational efficiency, geomet-
ric transformations, and adaptability to complex geometric variations. To address
these limitations, recent works focus on three directions: (1) reducing computational
complexity via separable convolutions, (2) enhancing geometric adaptability through
deformable kernels, and (3) improving dynamic feature aggregation with steerable
or dynamic convolutions. We organize these improvements by technical focus and

highlight their potential application scenarios.

Separable Convolution

Separable convolution is a convolutional operation in deep learning that aims to reduce
computational complexity by decomposing the convolution into a product of simpler
matrices. They are particularly well-suited to scenarios with limited computational
resources, such as mobile devices or real-time applications. By factorizing larger kernels
into multiple smaller kernels, a separable convolution offers a compelling trade-off:
significantly reduced computational cost and model size while maintaining acceptable
performance. According to different splitting schemes, there are two main types of

separable convolutions: spatially separable and depthwise separable convolutions.

Spatially separable technique decomposes a single standard convolution into a se-
ries of lower-dimensional convolutions on different spatial dimensions. This tensor
decomposition can be achieved using tensor decomposition techniques, like Singu-
lar Value Decomposition (SVD) [142], 291] [143], 824, 392], Tucker decomposition
[325, [412] [337), CP decomposition [347, [14], 852], and other decomposition meth-
ods [497, 662}, [765], 569, B53) 651]. Given a set of decomposed components, a standard
kernel can be expressed as the tensor product of multiple smaller kernels. For instance,
a spatially separable 2D convolution kernel with spatial dimensions F' x F can be
split into two 1D kernels: F' x 1 and 1 x F. By applying these two filters sequentially,

the spatially separable convolution achieves the effect of a full F' x F' convolution but
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with significantly lower complexity: reducing from O(F?) multiplications down to
O(F). The main advantage is that there is no performance degradation after kernel
separation, unless the matrix is decomposable. However, spatial separable convolutions
have limited application in CNNs because not all convolution kernels are separable.
Therefore, this decomposition may narrow the search for all possible kernels during
training, leading to a performance trade-off. Hence, the applications of spatial separable

convolution are significantly limited.

Depthwise separable technique is an efficient alternative that splits tensor computations
of multiple convolutions into two steps: depthwise convolutions and pointwise convolu-
tions. Depthwise convolutions apply a separate kernel to each input channel, capturing
spatial patterns independently for each channel. Pointwise convolutions then use
1 x 1 convolutions to combine the output channels from the depthwise step, effectively
aggregating the information. Depthwise separable convolutions significantly reduce the
number of parameters and computation while maintaining model performance, making
them popular in mobile and embedded applications. Therefore, the decomposition does
not rely on the special properties of kernel functions. By decoupling the spatial filter-
ing from cross-channel filtering, depthwise convolution achieves higher computational
efficiency, reducing complexity from O(F? - Coyt) to O(F? 4 Cout). F is the kernel size
and Cyyy denotes the channel number of the output feature maps. Depthwise separa-
ble convolution [211], [6T2] 417, [132], therefore, is well-suited for resource-constrained
environments. The variants of MobileNet [265] 563], 264], ShuffleNets [823] [457], and
Xception [112] are popular CNN architectures that use depthwise convolution to reduce
model size and improve inference speed without significantly compromising perfor-

mance.

Group convolution is another solution to the depthwise separable technique that divides
depth channels into a group of smaller filters based on the assumption that each group of
filters is mutually independent. Therefore, it simplifies the original full-matrix multipli-
cation to a diagonal block-matrix multiplication along the depth dimension. Therefore,
sparsity in the off-diagonal blocks improves efficiency and reduces the complexity by
a factor of g, where g is the number of groups. Group convolution was first applied
to AlexNet [340] to reduce the number of parameters. Then, ResNeXt[710] overlaps
smaller convolution blocks to approximate ResNet’s convolution blocks. Moreover,
CondenseNet [276] introduced sparsity-inducing regularization and divided group con-
volution training into several steps. However, previous methods require manual group

selection. GroupNet [834] combines network architecture search (NAS) with group
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convolution, enabling automatic learning of the number of groups via an end-to-end

approach.

Deformable Convolution

Deformable convolution is an advanced variant of standard convolution that extends
the receptive field at low computational cost. In segmentation or detection tasks, it
is crucial to pay closer attention to the contents within semantic / object regions.
In other words, not all locations in a receptive field contribute equally to an output
response. Locations within regions are much more important for sampling than those
outside the region. Therefore, uneven sampling requires convolution operations to
account for geometric shapes. Constrained to the regular structure of the receptive
field, standard convolution evenly samples at fixed locations and, therefore, cannot
efficiently tackle geometrical variations. That means a stack of standard convolutions
can linearly expand their theoretical receptive field scope to cover arbitrary geometrical
shapes with increasing computational complexity. In contrast, deformable convolution
enhances geometric modeling by learning input-dependent sampling offsets. The core
idea is to transform the shape of receptive fields from a regular grid to arbitrary shapes.
Specifically, deformable convolutions define sub-networks to learn additive disturbances
(Apg, Ap,) alongside the static offset (Az, Ay) in a regular grid (refer to Eq. Then
adaptive offsets can be generated as: Az’ = Az +Ap, and Ay’ = Ay+ Ap,. Therefore,
a static convolution kernel has been replaced with spatially variant operators that
use input-dependent geometric information to adaptively sample at more important
locations. Under the assumption of local continuity in feature representation, the
deformable convolutions have dynamic, receptive fields which are equivalent to larger
receptive fields with sparse non-zero elements in standard convolutions. Compared to
standard convolution with kernel size k, deformable convolution incurs an additional
cost for offset prediction (equivalent to one extra k x k convolution). It requires at least
bilinear interpolation for sampling at non-integer positions. The total complexity is
approximately 2 times that of a standard convolution. However, by enabling adaptive
receptive fields, it often achieves higher accuracy with fewer layers, offering favorable
trade-offs between efficiency and accuracy in tasks that require geometric flexibility,
such as object detection and segmentation. Active convolution [300] was an early work
to augment sampling locations with learnable offsets. However, the offsets were static
model parameters shared across different spatial locations, making them less general

and less adaptive. DCNv1 [127] extends the sampling offsets as a dynamic output from
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other sub-networks, allowing offsets to be adaptive to different geometrical shapes at
different locations. Subsequently, DCNv2 [869] introduced an extra learnable modula-
tion scalar for each offset, allowing it to adjust the importance of the sampled location,
thereby providing additional flexibility. To reduce computational cost, DCNv3 [672]
introduced depthwise separable convolution to compute modulation scalars. Besides, it
splits deformable convolution into groups and normalizes the modulation scalars at each
sampling point using the softmax function. Each group has its own sampling offsets
and modulation scalars, and can have different spatial aggregation patterns. Therefore,
it can enhance feature extraction by ensembling different patterns with normalized
modulation scalars. Recently, DCNv4 [(23] aims to speed up the computation by
removing softmax normalization and optimizing memory access to minimize redundant

operations.

Steerable Convolution

Steerable convolution is a convolutional operation used in computer vision to handle
geometric transformations, such as rotations, efficiently. Unlike standard convolutions,
which must use large amounts of static filters to enumerate all possible orientations,
steerable convolutions aim to construct a vector space to represent arbitrary orienta-
tions. Inspired by the mixture-of-experts’ architecture [255] in capsule networks [256], 2],
steerable convolutions also encode the rotation of a pattern in the input as a linear
combination of basis kernels. Normally, the combinatorial coefficients that are a set of
learnable parameters can be interpreted as dynamic routines [559, 220]. At the same
time, the disentangled basis filters can be understood as expert sub-networks dedicated
to different geometrical transformations. Therefore, the steer convolutions define a
representation space in which each orientation or transformation can be decomposed
into (normalized) coordinates of basic pattern units. Cohen et al. [I19] proposed
steerable convolutional operations based on group representation theory. They designed
equivariant filter banks and represented geometrical variations as linear transforma-
tions in a group. The constructed space increases the flexibility of equivariance at low
computational complexity. Based on the 2-dimensional steerable convolution, Weiler et
al. [690] proposed the 3-dimensional steerable convolution that maps rigid body trans-
formations in 3-dimensional Euclidean space onto the representation space. Besides,
the Euclidean group E(2) [689], and its subgroups are given as general solutions to
the kernel space to adapt to the rotation and reflection of planar images. In summary,

steerable convolutions are suitable for orientation / pose-sensitive scenarios, including
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biomedical image analysis, 3D object recognition, and object detection.

Dynamic Convolution

Dynamic convolution is a more general concept in CNNs that enhances feature rep-
resentation without significantly increasing computational cost. Instead of using a
large set of static kernels to enumerate all possible feature representations, dynamic
convolution defines generation routines of feature expression. It dynamically selects
appropriate kernels for the input mini-batch. The dynamic characteristic implies con-
structing implicit representation spaces to handle more complicated contexts, thereby
compressing redundancy in the set of static kernels. According to different generation
methods, there are mainly three types of dynamic convolutions: 1) One of the most
used types is to generate input-dependent aggregation coefficients over parallel fixed
convolution kernels. This type of dynamic convolution still satisfies the parameter
sharing constraint, i.e., it applies the same dynamic kernels to all locations. Inspired
by the architectures of mixture-of-experts, the linear combination coefficients are
obtained by different dynamic route functions running on the input [743 @7, [829].
Noted, capsule networks and steerable convolutions can also be regarded as special
cases of dynamic convolution with dynamic combinatorial coefficients. 2) The second
popular type is to generate gating information that can guide convolution to execute
only on selected locations, extending the property of parameter sharing. Normally,
gating information is generated by sub-networks and represented as binary masks,
where non-zero values indicate the importance of each sampling location. Therefore,
the gating masks induce sparsity in the data, thereby greatly reducing computational
complexity. Spatially dynamic gating convolutions [I80, [643] exploit the sparsity in
the spatial domain and only execute conditionally on important selected regions. Like-
wise, depthwise dynamic gating convolutions [268] [598] account for the importance
of different feature channels and selectively train only the relevant channels across
various inputs. Consequently, combining spatial and depthwise gating information
is possible for more generalized dynamic gating convolutions [381 364]. Noted, de-
formable convolutions with modulation scalars can be categorized into the spatially
dynamic gating convolution. 3) The last type is to directly use the output feature
maps from other (sub-)networks as the kernel contents [305] [130]. Therefore, running
the dynamic content convolutions over all locations of the input feature maps can be
interpreted as collecting correlation information between two feature maps [460, [459].

Overall, dynamic convolution offers the most flexible design for convolution operations,
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leveraging input-dependent adaptability to enhance model performance.

Other variants

Other variants include convolutions that emphasize application scope rather than
improvements to the definition. We briefly list the following application directions of

convolution operations:

Graph convolution is a generalized operation that extends the concept of convolution
from Euclidean space to non-Euclidean space. Specifically, irregular data structures can
be represented as graphs, where nodes represent entities and edges imply relationships.
One of the most important advantages of graph structure is that it can efficiently
represent complicated mutual correlations via an adjacency matrix. Therefore, graph
convolution simplifies aggregating information from connected edges around each node
and the learning of intuitive and scalable node representations at the graph level. Deep
learning models that stack multiple graph convolution operators are called Graph
Convolutional Networks (GCNs) [543]. GCNs can effectively discover inherent data
structures and capture complex relationships among nodes, whereas traditional convo-
lutional operations struggle to do so. GCNs have found applications in various fields,
including social network analysis, drug discovery, and recommendation systems. The
main challenges of GCNs are multiple folds: (a) Scalability, where large graphs result
in high computational complexities. (b) Static nature that cannot adapt to evolving
graph structures. (c¢) Limited expressiveness that hinders the capture of complex
graph structures, especially degrading and over-smoothing node identifiability as graph
convolution layers deepen. (d) Limited generalization that GCNs cannot transfer their
information from one graph structure to another, especially between heterogeneous

graphs.

Sparse Convolution is a specialized convolution operation designed to handle sparse data
where most input values are zero efficiently. It allows computations to be performed
only on non-zero data points, reducing computational and memory costs compared to
traditional dense convolutional operations. Sparse convolution is typically implemented
in three steps: (1) build an index system to store locations of non-zero values. (2) Build
a RuleBook to indicate how to accumulate the values of pairwise multiplication between
non-zero elements and corresponding kernel weights. (3) Execute all computations in
parallel based on the instructions in the RuleBook. Therefore, sparse convolutions

are often adopted for high-resolution images (i.e., medical & microscope images) or
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3D data (i.e., point clouds). The main advantage of sparse convolutions is that they
extract information from sparse data with high speed and low memory usage, since
the overhead of the construction of the RuleBook can be ignored. SCNN [420] applied
a two-stage decomposition over the channels and convolutional kernels and converted
them into sparse matrix multiplication. However, the main disadvantage is their limited
generalization, which imposes an ambiguous restriction on data sparsity. Therefore, the
choice between sparse and traditional convolution depends on the specific application

and the data characteristics.

Generalization to Higher Dimensions

The principles of 2D convolution naturally extend to higher dimensions, enabling deep
learning models to process volumetric data such as 3D medical scans (CT, MRI), 3D/4D
microscopy, video sequences, and point clouds. Let X € RI*XWxDxCin denote a 3D
input volume, where D denotes the depth (or temporal) dimension. A 3D convolution

c kakxkxcm

kernel is a 4D tensor f. for each output channel ¢ with kernel size k,

and the sampling grid G expands to three spatial dimensions:

zgle{VSJVSJ}} (2.5)

where d > 1 is the dilation rate (typically uniform across axes for isotropic data). The

stride s and padding p are defined along all three dimensions. The coordinate- and

size-mapping formulas are analogous. The output at location (x,y, z) is computed as:

Cin
Y(2,y, 2, Cout) = Z Z X (@' +Ax, Y+ Ay, 2"+ Az, i) fo(Az, Ay, Az, i)
(Az,Ay,Az)eGE cin
(2.6)
3D CNNs have become instrumental in medical image analysis and video understanding.
For example, 3D U-Net [I17] extended the successful U-Net architecture to volumetric
segmentation by replacing 2D convolutions with 3D ones, enabling the model to leverage
inter-slice context, which is crucial for accurate organ or lesion delineation. In video
action recognition, C3D [628] demonstrated that straightforward 3D convolutional
networks can learn powerful spatiotemporal features directly from raw video clips.
However, processing 3D data with standard 3D CNNs is often computationally expen-
sive. Several efficient architectures [717] have been developed for efficiency. Sparse

3D Convolutions [420, 204] mined spatial sparsity in the high-dimensional data and
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computed operations only on non-zero voxels, dramatically reducing computation.
Beyond dense volumetric grids, irregular 3D data, such as point clouds and meshes,
require specialized architectures because of their non-Euclidean structure. Instead of
voxelizing point clouds, Point Cloud Networks directly processed unordered point sets.
PointNet [525] and PointNet++ [526] used shared multilayer perceptrons (MLPs) and
symmetric pooling functions to achieve permutation invariance. 3D Graph Neural Net-
works [327] modeled point clouds as graphs, where edges represent local neighborhoods,
and message passing aggregates information. Moreover, separable 3D Convolutions
[717], inspired by 2D depthwise separable convolutions, have factorized the 4D kernel
into a 3D spatial convolution (per channel) followed by a 1 x 1 x 1 pointwise convolution,
reducing parameters and computation. Likewise, to handle irregular geometries in
volumetric data, deformable convolutions [127] have been extended to 3D, allowing the
sampling grid to adapt to the data shape.

3D computer vision tasks often require tailored loss functions. The Dice loss
[476] is widely used in medical image segmentation to handle class imbalance. For
point cloud reconstruction, Chamfer distance [169] and Earth Mover’s distance [557]
measure the similarity between two point sets. In summary, extending deep learning to
3D and volumetric data introduces unique challenges in computational efficiency and
representation. While 3D CNNs serve as a direct generalization of 2D convolutions to
dense, grid-structured volumes, alternative architectures like GNNs and point-based
networks are better suited to irregular 3D structures, enabling impactful applications
across multiple domains. Future directions may include more efficient 3D attention
mechanisms and hybrid models that combine the strengths of CNNs, GNNs, and

Transformers for 3D data.

CNN Summary

CNNs are characterized by local receptive fields, a hierarchical structure, and static
kernel parameters. These inductive biases grant them remarkable data efficiency and
hardware-friendly computation. However, their fundamental limitations in modeling
long-range interactions and adapting to complex geometric variations motivate the
search for architectures with global receptive fields and dynamic aggregation—principles

that form the foundation of the next architectural paradigm.
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2.2.2 Visual Transformers

Transformer models originate from natural language processing (NLP) tasks and out-
perform recurrent neural networks (RNNs) [345] in modeling element-wise correlations
within input sequences. Unlike the Long Short-Term Memory (LSTM) mechanism in
RNNs, transformers can ignore spatial distances and directly model long-range pairwise
interactions via self-attention. Owing to their strong representational capabilities,
transformers have intrigued the vision community to adapt their architectures to com-
puter vision tasks. The variants applied in computer vision have performed as well as,
or better than, CNNs. To overcome the inherent locality and staticity of CNNs, Visual
Transformers (ViTs) adopt a different design philosophy. By replacing convolution with
a global self-attention mechanism, ViTs directly model global pairwise dependencies
among all input tokens, without a hierarchical structure, enabling dynamic, content-
dependent feature aggregation. As depicted in Figure [2.4] it consists of an encoder
and a decoder with several transformer blocks of the same architecture. The encoder
generates embeddings from the inputs, while the decoder uses all the embeddings and
their incorporated contextual information to generate the output sequence. Each trans-
former block comprises a multi-head self-attention layer, a feed-forward neural network,
a residual connection, and layer normalization. In the following, we describe how the
shift from local/static to global/dynamic operations redefines architectural design while

introducing new challenges in computational complexity and data efficiency.

Foundations of ViTs

In contrast to CNNs, a ViT uses a process called tokenization to partition an input
image into a sequence of tokens. In addition, a basic ViT module comprises three
components, with optional additional functions: multiple positional embeddings, an
attention mechanism, and a normalization operation, along with residual connections
and a Feed-Forward Network/Multilayer Perceptron (MLP).

Tokenization

Unlike CNNs, which directly process grid-structured data (e.g., images or videos), ViTs
require tokenization to adapt self-attention mechanisms from NLP. Specifically, because
treating individual pixels as tokens is computationally infeasible, ViTs partition the
input image into patches. Each patch is then linearly projected into a vector embedding,

and the sequence of these embeddings serves as the input to the transformer. Each
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Figure 2.4: Schematic representation of a generalized framework for Visual Transformer
(ViT) with L blocks.

patch embedding serves as a ”super-node” of the input and contains information about
all pixels in a group. Typically, each patch embedding is referred to as a visual token,
and the conversion of grid-structured data into sequential tokens is called tokenization.
The vision transformer [156], which is the origin of pure ViTs, partitions an input into
fixed-sized non-overlapping patches, flattens each patch into a 1-dimensional vector,
and projects all vectors onto a higher-dimensional embedding feature space using linear
layers:

Xlﬁffl = tokenize(I7*¢) (2.7)

where I is a flattened input with length L and feature channels C'; Xpqcn is a sequence
of tokens with length N and feature channels D. Note that N = % in which the L is
divisible by the area of a patch P; otherwise, the input image will be padded with zero

elements.

Positional embedding

Because the self-attention mechanism is designed for sequential data, grid-structured

data (e.g., images or videos) is flattened into 1D vectors, losing spatial structure. In
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addition, the global pairwise correlation in self-attention is invariant to the position of
each element. That means spatial information cannot be integrated into computation.
Therefore, extra positional embeddings Xyosition are added to the sequential input to
retain spatial information:

X = Xpateh + Xposition (2.8)

Different position embeddings fall into three categories:

Absolute position embedding (APE) is a vector that represents the unique absolute
embeddings to the position of one element in a sentence [53]. It can use element

embeddings to encode positional information.

Relative position embedding (RPE) technique is primarily used to incorporate relative
position information into the attention mechanism [696] [IT5]. The RPE technique is
based on the idea that the spatial relationships between patches carry more weight
than their absolute parameters. The relative distance between patches determines the
lookup process. Although the RPE technique can be applied to sequences of varying

lengths, it may increase training and testing time.

Convolutional position embedding (CPE) methods take into account the grid structure
of the input and employ convolutional operations to gather position information with
zero-padding [693] 674, 289].

Self-attention mechanism

The self-attention mechanism is the primary operation in ViTs and plays a crucial role
in explicitly modeling relationships among entities in sequential data. It calculates
pairwise correlations between each location and all others, aggregates all long-term
dependencies into a single entity, and represents it as global contextual information [642].
The self-attention mechanism transforms the input sequence(s) into three different
embedding vectors, namely query, key, and value, as named in NLP configurations.
We introduce a more generalized definition of the self-attention mechanism, which can
benefit in explaining the developments of other variants and drawing connections with

convolutions:

1
Y- oo vzjf(gq(xo,guxj«))gxxj) (2.9)

Where 7 is the index of the visual token in the output sequence, j is the index that

enumerates all possible positions. X € RYX¢ is the input sequence and Y € REXC
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is the output sequence. Note that L is the length of the sequences, and C' is the
number of channels of each vector. A pairwise function f computes a correlation scalar
between 4 and all j. The unary functions g4, gk, g, transform the input sequence X
into embedding vectors of query, key, and value, respectively. The pairwise function
f() is normalized by a factor C(X).

The standard single-head self-attention mechanism can be instantiated as follows:

gq(X) = Linear(X), gx(X) = Linear(X), ¢,(X) = Linear(X)

(2.10)
_1 _ Softmax (9100 g (X)"

where Linear(-) denotes linear projection function, Softmax(-) denotes the softmax
normalization function, and ﬁ is the scaling factor with dp as feature channels
of the key vector. Then, the standard single-head self-attention mechanism can be

reformulated into a popular formula:

qi :gq(Xi)7 kj :gk(Xj)’ Uj :gv(Xj)’

(2.11)

Attention(qi, KT, V) = Z Softmax <q J > v
vj

vy,

where g;, k;, and v; are the embedding vectors of query, key, and value at location ¢ and
4, respectively. In addition, K7 and V are the transposed key and value embedding
matrices, respectively.

It is limited by the capacity of single-head self-attention to attend to all important
positions. Multi-head self-attention (MHSA) [642] is utilized as the real component in
ViTs. Like group convolution, MHSA assumes several mutually independent feature
groups and decomposes the embedding spaces of the query, key, and value into multiple
sub-spaces. Applying single-head self-attention across sub-spaces in parallel can not
only reduce computational complexity within groups but also capture a diverse range
of complex interactions across groups. MHSA comprises multiple self-attention blocks,
each of which projects the concatenation of its outputs into the output space. The

separation enables MHSA to focus on multiple portions and to capture the relationships
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among them effectively:

Head? = Attention(¢¥, K*, V¥)
(2.12)
MHSA(¢;, K, V) = Concat(Head}, Head?, - - - , Head?) . W

where Headi?c is the k-th output of group-wise self-attention at position 4, and Wt
represents the learnable weights to transform the concatenation of all heads into the

final output.

Other components

Feed-Forward Network (FFN) is applied after the self-attention modules to obtain more
complex attributes from the input sequences. It consists of two linear project functions

and a nonlinear activation function
FFN(X) =W3 - c(W1 X) (2.13)

where W and W5 are the weight matrices of the two linear project layers, and o(+)
represents the non-linear activation functions, such as GELU [251]. The dimensionality
of the hidden layer is dj, = 2048 by default.

Normalization with residual connection consists of a residual connection and a normal-
ization operation after each self-attention module. This design can stabilize information

flow and improve performance. The output of these operations can be described as
Norm (X + Attention(X)) (2.14)

where X is the input of the self-attention module, and Norm is a normalization layer,
like layer-normalization [19]. A variant pre-normalization [23] [664, [156] is also widely
used. It reorders the computation and inserts normalization into the residual connection

before self-attention.

Characteristic of Transformers

Besides CNNs, ViTs differ in their architectural design due to their self-attention
mechanism. Because self-attention is designed for sequential data, we assume the input

data is a sequence of length L.
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1. Global receptive field: Each visual token in the input sequence is connected
to every other token, regardless of distance. Globality can explicitly capture
long-range dependencies and accumulate pairwise relationships to build global
contextual features. However, the adopted global receptive fields, rather than
sampling, result in a computational complexity of O(L?) that quadratically

increases with the length of the input sequence.

2. Flatten structure: Since the self-attention mechanism directly adopts a global
receptive field, there is no need to use a hierarchy of layers to expand receptive
scopes gradually. Instead, the ViT stacks multiple self-attention modules with
the same structure to introduce nonlinearity and improve the model’s capacity
to capture complex relationships in the data. Notably, the global receptive fields
reduce the inductive bias of locality in ViTs that require feature representations

with small spatial variances.

3. Dynamic Parameter: The aggregation weights in the self-attention mecha-
nism are dynamic because they are computed as pairwise correlations and vary
depending on the input. The dynamic parameters can be interpreted as gating
information that adaptively highlights significant content and captures complex
relationships from the input. Unlike CNNs, which enforce translation equivariance
with static kernels, dynamic weights in self-attention allow the model to prioritize

input-dependent contexts rather than rigid spatial invariance.

In summary, the self-attention mechanism is closely related to dynamic gating convolu-
tion Within a global receptive field, gating information is computed as pairwise
correlations based on the input content and can highlight all important locations for
each query element. Compared to CNNs, ViTs impose fewer inductive biases and, in

theory, can process a broader range of data.

Improvements of the Attention Mechanisms

Given that images involve more dimensions (e.g., spatial dimension), noise, and
redundant modality, they are believed to be more difficult to capture robust long-range
dependencies than sequential data. Following NLP conventions, ViTs use tokenization
to group pixels into a small number of visual tokens, each representing a semantic
concept in an image. By capturing long-range dependencies among tokens, self-
attention mechanisms offer significant flexibility in feature representation learning, as
their dynamic weights adapt to each input image. However, the adaptability comes

with four limitations: (1) the quadratic computational complexity increases with the
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sizes of images; (2) the data-hungry requires a large scale dataset (e.g., JFT-300M
[599] dataset with 300 million images) for pre-train otherwise impedes fine-tuning of
downstream tasks with smaller datasets; (3) fixed patch size cannot provide a plausible
granularity to describe the true semantic parts in different images at various scales. (4)
long-range dependencies at different scales cannot freely flow across feature maps at
different scales. To address one or more limitations, a series of variants of the Vision
Transformer [I56] have been proposed to improve attention mechanisms and modify

the architectures.

Reduce computational complexity

The quadratic complexity of self-attention hinders its applicability to long sequences, i.e.,
high-resolution images. The core bottleneck stems from the heavy matrix multiplication
used to compute pairwise dependencies. Two main categories simplify the self-attention
computation process.

Similar to the core idea of separable convolution, the matriz decomposition fac-
torizes the large matrix of self-attention into a product of several sub-matrices with
lower ranks. CaiT [627] proposed class attention (CA) that computes attention be-
tween class tokens and patch tokens. CA reduces the complexity and is used with
self-attention to build Transformers with very deep architectures. Geng et al. [193]
proposed the ”Hamburger” module, which reformulates matrix decomposition as a
low-rank reconstruction process. Based on the low-rank matrix, it can efficiently
compute dependencies among different tokens. Linformer [670] proposed a different
decomposition scheme. Based on the distributional Johnson—Lindenstrauss lemma
[418], it first projects the key and value matrices to low-rank matrices and then
computes attention between the query and the low-rank matrices. Performer [113]
proposed a novel Fast Attention Via positive Orthogonal Random features (FAVORA+)
approach that can efficiently model kernelizable attention mechanisms beyond softmax.
Katharopoulos et al. [318] proposed linearized attention, which rearranges the original
self-attention as a linear dot product between a query vector and two intermediate
matrices. The advantage is that both intermediate matrices are computed once and
reused for all query vectors. Nystromformer [722] adapted the Nystrom method to
approximate standard self-attention. XCiT [6] proposed cross-covariance attention
that computes attention across feature channels instead of tokens. Cross-covariance
attention has linear complexity with respect to the feature dimension rather than the

number of tokens. Singularformer [700] used neural networks to learn the singular
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value decomposition process and decompose the attention matrix into the product
of three matrices with lower ranks. SeT [604] factorized self-attention into pixel-wise
local and patch-wise global attention, reducing the computational cost while retaining
the information at different granularities. CSWin [154] decomposed self-attention into
horizontal and vertical strips in parallel that form a cross-shaped window, reducing
the computational cost.

Another direction seeks to find sparsity patterns in the matrix and approximate

REXL of ge-

self-attention with sparse attention. Given an attention matrix A €
quence length L, sparse attention only computes pairwise interactions on a subset
S = {(i,)|A(i, §) # 0}, reducing the quadratic complexity O(L?) to near-linear. Spar-
sity enables processing of high-resolution images with large L, making sparse attention
preferable for tasks such as segmentation or generation on large inputs. Therefore, there
has been great enthusiasm to explore different sparsity patterns S. Child et al. [110]
introduced sparse factorizations of the attention matrix and proposed fast attention
kernels for training. Yun [788] argued that a sparse attention model can universally
approximate any sequence-to-sequence function. The results showed that sparse Trans-
formers with O(L) connections per attention layer can approximate the same function
class as the dense model with L? connections. The Sinkhorn Transformer [618] is based
on differentiable sorting of internal representations and computes quasi-global attention
using only local windows, thereby improving the memory efficiency of the self-attention
module. Reformer [332] observed that the softmax function in self-attention will be
dominated by a small subset of keys closest to the query in computation and defined
these sparse sets by finding nearest neighbors in high-dimensional spaces. Based
on locality-sensitive hashing (LSH), Reformer proposed a simplified sparse attention
mechanism, called LSH attention, to reduce computational complexity. Likewise, KVT
[663] adopted the K-NN clustering method to find top-k sparse similar tokens. Inspired
by graph theory, many works [I16] 590, [791] have formulated attention mechanisms as
graphs and have adopted various graph sparsification methods to reduce computational
complexity. Chung et al. [I16] adopted random graph theory and approximated the
dense graph with sparse graphs. Spielman et al. [590] based on spectral similarity of
graph Laplacians and proved that every graph has a spectral sparsifier of nearly linear
size. A construction algorithm was proposed to build a dense graph from sparse graphs.
BIGBIRD [791] used a directed graph and proposed sparse attention, where each query
attends over a small set of randomly chosen keys. Inspired by deformable convolution,
DAT [707] emphasized the importance of key-value pairs in a data-dependent manner

and focused on relevant patches, thereby capturing informative features from sparse
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sets.

Alleviate data-hungry

ViTs yield modest results when trained on mid-sized datasets such as ImageNet [13§],
with 1.2 million images, achieving lower accuracy than CNNs with comparable param-
eter counts. Because transformers lack some inductive biases inherent to CNNs—such
as translation equivariance and locality—they do not generalize well when trained on
insufficient data. However, Han et al. [225] found that training ViTs on large datasets
(14 million to 300 million images) overcame the limitations of inductive bias, resulting
in excellent fine-tuning performance on downstream tasks even with fewer data samples.
Many variants are being explored to improve data efficiency in ViTs trained on smaller
datasets. Many ViT architectures use knowledge distillation to transfer knowledge
from a larger network (i.e., the teacher model) to a smaller network (i.e., the student
model) [219]. The DeiT [620] is the first work to demonstrate that transformers can
be trained on mid-sized datasets (e.g., 1.2 million ImageNet examples) in a relatively
short training time. Using a pre-trained Vision Transformer as the teacher model, DeiT
learned to capture the most important pattern in tokens and produced similar results
with fewer parameters. DINO [55] introduced self-supervised learning and proposed a
form of self-distillation with no labels. The key difference is that the teacher model was
built from past iterations of the student network and was updated using an exponential
moving average of the student weights, i.e., serving as a momentum encoder. To avoid
model collapse, the student model was trained to predict the teacher model’s output
after a centering and sharpening layer. TaT [413] argued that the one-to-one spatial
matching strategy in a patch-based manner cannot always be maintained in distillation
learning because different architectures may cause semantic inconsistency between
patches from the teacher and the student model, respectively. Instead, TaT proposed
a one-to-all matching knowledge distillation pipeline that allows each teacher patch to
teach the entire set of student features dynamically. To avoid intractable computational
complexity arising from correlations in large feature maps, TaT proposed a two-step
hierarchical distillation pipeline, i.e., patch-group and anchor-point distillation, to
reduce computational burden and achieve decent results. TinyViT [697] proposed a
fast distillation method in the pre-training stage and built a family of tiny yet efficient
ViTs suitable for devices with limited resources. In addition, TransKD [432] is the first
framework for distilling knowledge from large-scale semantic segmentation transformers.

By focusing on comprehensive distillation across different knowledge sources within
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the transformer-specific building, TransKD distills information from both feature maps
and patch embeddings.

Hierarchy of dynamic patches

In ViTs, an image is first divided into a grid of patches, projected to a linear embedding,
and treated as a sequence of tokens. Each token corresponds to a semantic region in an
image. Since images are highly complex, with abundant detail and color information,
the granularity of patch division is insufficient to extract semantic regions at different
scales and locations. In addition, a better image partition can reduce computational
redundancy from irrelevant patches in self-attention. Consequently, many researchers
have explored different architectures for flexible patch generation. Two main strategies
to dynamically adjust patch sizes are (1) Patch-fused Self-Attention and (2) Pooling-
based Self-Attention.

Patch-fused Self-Attention fuses fixed-sized patches into windows with dynamic sizes
to better cover semantic parts. Moreover, the merging strategy progressively reduces
the patch sequence length and constructs multi-scale representations. T2T-ViT [780]
proposed a Tokens-to-Token (T2T) transformation that applied a sliding window algo-
rithm to combine neighboring tokens into a single token with overlapping recursively.
T2T-ViT adopted an efficient backbone and reduced the parameter count by half due
to shorter token sequences, enabling training from scratch on the mid-sized ImageNet
dataset. Similar to Network In Network (NIN) [507], TNT-ViT [226] proposed a Trans-
former in Transformer (TNT) architecture that adopts a hierarchical patching scheme.
In each TNT module, smaller patches (visual words) were fused into larger patches
(visual sentences) without overlapping. Within the TNT architecture, local correlations
among visual words are captured within each visual sentence, while global correlations
are extracted simultaneously across visual sentences. DPT [103] proposed a Deformable
Patch (DePatch) module, which learns to adaptively split the images into patches in a
deformable way with learnable positions and scales. The method can generate dynamic
patches that capture image semantics based on their content. Swin-ViT [441] proposed
a shifted-window architecture. This framework generated windows from patches at
the same layer without overlapping and computed local self-attention within each
window. To gradually capture long-range dependencies across layers, Swin-ViT shifted
window partitioning within successive blocks and built connections between windows
across layers. Several works [286] 174} [544] RT7, (587, 440] improved the shifted window
strategy. Shuffle Transformer [286), [I74] utilizes the spatial shuffle operation instead of
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shifted window partitioning to allow cross-window connections. DW-ViT [544] explored
the upper limit of the effect of window settings on model performance with dynamic
multi-scale windows; VSA [817] employed window regression modules to predict the
size and location of the target windows from data; CSWinTT [587] utilized a cyclic

shifting window strategy at multi-scales.

Pooling-based Self-Attention, inspired by hierarchical structures used in CNNs, gradu-
ally reduces the sizes of feature maps and expands the effective coverage of patches.
PVT [673] introduced a progressive shrinking strategy and generated a pyramid of
patches without overlapping. The pyramid structure can represent semantic parts
in images at various scales. PVT proposed spatial-reduction self-attention (SRA) to
capture long-term dependencies at low-resolution key-value pairs. RegionViT [65]
combined a pyramid structure with an efficient regional-to-local (R2L) self-attention
mechanism. Like TNT-ViT, RegionViT adopted regional self-attention (RSA) to learn
global information, while local self-attention (LSA) was used to learn local features
within regions. Like PVT, PiT [252] also used a pooling layer to reduce token length.
Based on pyramid structures, Twins [I14] and CAT [408] alternately performed local
and global attention across the pyramid layers. MS-VIL[8I6] proposed a mechanism
that combines local attention with global memory. The local attention only captured
short-term dependencies among neighboring tokens, whereas global memory propa-
gated information over long distances, as in Longformer [34] in NLP tasks. Focal
Transformer [747] sampled all surrounding tokens for each query on every pyramid
layer and computed local self-attention among concatenated neighboring tokens across
multi-scales. CrossFormer [676] progressively enlarged group size along the pyramid
for patch embedding and decomposed self-attention into long/short distance attentions,
capturing local and global visual cues.

In summary, hierarchical tokenization exponentially reduces sequence length,
thereby lowering the cost of subsequent attention layers. The reduction is because
complexity quadratically scales with token count. Consequently, Hierarchical tokeniza-
tion is especially beneficial for high-resolution inputs and tasks requiring multi-scale
reasoning, such as object detection and semantic segmentation, providing a better

accuracy-efficiency trade-off than fixed-resolution transformers.

Attention across scales

Although ViTs can propagate global context information sequentially through trans-

former decoder layers, this information cannot freely flow across different scales. Many
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approaches applied multiple ViTs in their architectures to extract long-term dependen-
cies from multi-scale features and to directly interact with global information across
any pair of scales. CrossVit [66] proposed a ViT architecture having dual branches
and defined a novel type of attention mechanism (called cross-attention) that enables
information transfer at different scales. The cross-attention assigned the class tokens
to query and used the concatenation of class and patch tokens as the key and value.
Therefore, the simplified attention mechanism computed only long-term dependencies
between class tokens and image patch tokens, and removed the most expensive matrix
computation involving the image patch tokens, thereby achieving linear computational
complexity. Similarly, MMViT [439] adapted dual branches and introduced Cross-
Pooling-Attention to fuse information at different views. Moreover, Dual-ViT [763]
extended cross-attention with two pathways: a semantic pathway that compressed
token embeddings into global semantic queries and a pixel pathway that mined finer
local details. The global semantic queries served as useful prior information, guiding

the refinement of the feature maps at the pixel level.

Efficient Alternatives Beyond Attention Mechanisms

Although many improvements aim to mitigate the quadratic scaling of attention mecha-
nisms through approximations, Visual Transformers still struggle to achieve a trade-off
between efficiency and performance as sequence length increases. This fundamental
bottleneck has spurred intense research into deeper-level architectural alternatives.
Among these, structured state space models (SSMs), rooted in classical control the-
ory, have recently emerged as a theoretically grounded option that entirely avoids
attention, favoring recurrent state transitions with linear-time complexity. Mamba
[207], an outstanding representative, proposes a selective, data-dependent SSM that
challenges the necessity of global attention for high-performance sequence modeling
and offers a compelling, linearly scalable alternative. Although challenges remain, such
as optimizing training stability and further validating scaling at the very largest scales,
Mamba has firmly established itself as a cornerstone in the landscape of post-attention
efficient foundation models. Its emergence underscores that the future of sequence
modeling may not be a choice between attention or alternatives, but an intelligent

synthesis of complementary computational principles.

Selective SSMs as Linear-Time Alternatives

At its heart, Mamba departs from the Transformer’s fixed, input-agnostic context
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mixing. It is built upon a structured, parameterized SSM that maps a 1-D input
sequence x(t) to a latent state h(t) and output y(¢) through continuous-time differential
equations, which are then discretized for digital computation. In contrast to attention’s
dynamic weighting, the conceptual counterpoint of Mamba is selectivity, which converts
the matrices governing dynamics and input projection into functions of the current
input z;. Specifically, attention computes pairwise relevance scores across all tokens.
At the same time, the selective SSM modulates its internal state transition dynamics
and input sensitivity at each step based on the incoming token. Selectivity allows
the model to propagate or discard information contextually throughout the sequence,
emitting a ”"hidden state” that carries a compressed, relevant history. Crucially, thanks
to a hardware-aware parallel algorithm inspired by parallel prefix scans, this inherently
sequential process can be trained efficiently. During inference, Mamba operates with
linear-time complexity O(L) and a constant memory footprint relative to sequence
length L, as it only needs to maintain a fixed-size hidden state, eliminating the massive

KV cache of autoregressive Transformers.

Theoretical Unification and Hybrid Models

Based on a profound theoretical connection, there is an established link between SSMs
and Transformers through the structured state space duality (SSD) framework [I33].
It shows that both attention and SSM-based layers can be derived as different instanti-
ations of computations on semi-separable matrices. This mathematical duality reveals
that Mamba and attention are not opposed but lie on a unified continuum of sequence-
mixing primitives, offering a rigorous lens for understanding and potentially unifying
these seemingly disparate approaches. Therefore, a prominent research direction is
the exploration of hybrid models that integrate Mamba blocks with attention blocks.
Architectures such as Jamba [404] demonstrate that such hybrids can outperform pure
Transformers or pure Mamba models with equivalent total compute, leveraging Mamba
for efficient long-context processing and attention for precise, localized reasoning. Its
success has catalyzed a broader reassessment of the fundamentals of sequence modeling,

leading to practical hybrid systems and deeper theoretical unification.

Scaling Towards Universal Large Foundation Models

Apart from the previous research trajectory of reducing ViT parameter scales for
computational efficiency, a significant yet opposite paradigm has emerged: embracing

scale and complexity to pursue universal functions and extreme generalization. The
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extreme generalization has led to the rise of large-scale foundation models, which are
pre-trained on web-scale data and exhibit remarkable zero-shot or few-shot adaptability
across a wide range of downstream tasks, effectively functioning as general-purpose
cognitive systems. Their development represents a pivotal shift from task-specific

models to universal intelligence across multiple modalities.

Large-Scale Visual Foundation Models

As a self-supervised learning framework built on ViTs, the DINO family has been a
significant contributor to the quest for universal visual representations. Analogous
to DINO [55], which uses large-scale, curated data from diverse sources, DINOv2
[602] produces generalized visual features that work across image distributions and
tasks without fine-tuning, making them exceptionally effective drop-in replacements
for traditional backbones in diverse visual applications. Furthermore, DINOv3 [576]
introduced the pivotal Gram anchoring and effectively addressed the known yet unsolved
issue of dense feature maps degrading during long training schedules. Therefore,
DINOv3 could produce high-quality, dense features for various vision tasks, surpassing
previous self- and weakly supervised foundation models. In summary, the DINO family
demonstrates that with carefully designed self-supervised objectives and large-scale,
curated data, ViTs can learn a comprehensive model of visual appearance and structure
without labor-intensive manual annotations.

In parallel with advances in visual representation, the Segment Anything Model
(SAM) [330], and its successor, SAM2 [537], stand as landmark achievements in
universal segmentation frameworks. SAM introduced a promptable segmentation
model trained on an unprecedented dataset of over 1 billion masks. Its core innovation
lies in decoupling the heavy image encoder (a ViT-H) from a fast prompt encoder /mask
decoder, demonstrating zero-shot transfer to new image distributions and tasks. SAM2
further advances promptable visual segmentation for images and videos. The model is
equipped with a streaming memory that stores information about the object and its
previous interactions, allowing it to generate masked predictions throughout the video
and effectively correct them based on the object’s memory context from previously
observed frames. The SAM family exemplifies how scaling data, model capacity, and
task diversity (through prompting) can yield a model with unparalleled generalization
in spatial understanding. For more information about large-scale visual foundation

models, please refer to the survey [17].
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Multiple-Modal Models

While visual foundation models have dramatically advanced computer vision tasks,
their capabilities are inherently bounded by the visual modality. They often require
extensive task-specific labeling and struggle with open-world semantic understanding
and generalization beyond predefined categories. This limitation has catalyzed a pivotal
shift towards multi-modal foundation models that integrate and align information from
diverse data sources. By learning joint representations across modalities, these models
harness the complementary strengths and rich supervisory signals present in uncurated,
web-scale multi-modal data.

Due to the limitations of visual foundation models that require a closed set of
predefined categories, Visual-Language Foundation Models (VLMs) have transcended
this boundary by anchoring visual representation learning in the open and semantically
rich modality of natural language. The foundation of this paradigm lies in learning a
joint embedding space in which VLMs can pull together semantically matched images
and texts while pushing apart mismatched pairs. Therefore, the mainstream research
on VLM focuses on learning more robust and versatile image-text correlations. The
pioneering work CLIP [530] established the efficacy of large-scale contrastive pre-
training for zero-shot transfer. To mitigate data noise and scale limitations, ALIGN
[303] demonstrated training on billions of noisy pairs, while DeCLIP [386] and UniCL
[748] improved data efficiency through self-supervision and label integration. For a finer-
grained understanding, FILIP [761] and GLIP [376] introduced region-word alignment,
while FLAVA [578] integrated masks for flexible guidance. Architectural innovation
has evolved from dual-encoder towers (CLIP) to unified single-tower designs [630}, 297]
to enable efficient cross-modal fusion. Furthermore, models like DetCLIP [760] and
FIBER [157] extended VLMs from image-level to region-level tasks, paving the way
for open-vocabulary object detection and segmentation. This trajectory illustrates
a clear path from learning global image-text associations to mastering fine-grained,
task-agnostic visual-semantic correspondence. For more information about large-scale
visual-language foundation models, please refer to the survey [810].

Building on the foundational architecture and training paradigms established
by VLMs, the multi-modal learning paradigm has been successfully extended to a
wide range of domains, demonstrating remarkable versatility. In audio-visual learning,
models align spectrograms with textual descriptions to perform tasks such as sound
event localization and captioning. The video-language domain leverages temporal

alignment between video frames and transcripts or instructions to enable video question
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answering and action recognition. In affective computing, multi-modal sentiment
analysis models fuse visual (facial expressions), acoustic (prosody), and linguistic
(text) cues to infer emotional states. The medical imaging field integrates radiology
images with clinical reports to build foundation models for automated diagnosis
and report generation. Furthermore, robotics utilizes models that combine visual
perception, language instructions, and sensorimotor data for task planning and human-
robot interaction. These expansions consistently rely on core VLM principles—cross-
modal alignment, contrastive or generative pre-training on paired data, and zero-
shot generalization—thereby demonstrating the transferability of the paradigm and

establishing a unified framework for multimodal intelligence.

ViT Summary

While ViTs excel at capturing global context through dynamic attention, their lack of
inherent spatial inductive biases, such as locality and translation equivariance, and their
high computational complexity present significant barriers for efficient and robust visual
modeling. The bottleneck provides compelling motivation for hybrid architectures
that integrate the complementary strengths of convolutional locality and attentional

globality into a unified, synergistic framework.

2.2.3 Hybrid Networks

Although ViTs can efficiently capture long-term dependencies among visual tokens,
they cannot flexibly represent local semantic parts at multiple scales. Except for the
aforementioned improvements [2.2.2] using a simple linear layer remains less straightfor-
ward than convolution for extracting local features with spatial geometric information
within each visual token. Besides, because ViTs lack some inductive biases inherent
to CNNs, such as translation equivariance and locality, they require large datasets
(e.g., JFT-300M) to overcome these biases and generalize. Empirically, a self-attention
mechanism in early layers works similarly to a standard convolution, showing local-
ity and sparsity in pattern extraction [122, B12]. These limitations have motivated
applying convolution operations to ViTs, especially in the early layers, to reduce com-
putational redundancy. On the contrary, CNNs can be trained on mid-sized datasets
(e.g., ImageNet). Still, they cannot efficiently capture long-range interactions because
of their local receptive fields. To combine the strengths of CNNs and ViTs, considerable
effort has been devoted to hybridizing them. Hybrid architectures are a deliberate

synthesis that combines the computational efficiency and spatial priors of CNNs with
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the expressive power and global context modeling of ViTs. The advantage is achieved
not by mere concatenation, but through deep architectural integrations that embed
convolutional operations within attention mechanisms (Con-Trans) or augment convo-
lutional feature maps with attention-based feature recalibration (Attn-CNNs). The
subsection explores how hybrid models navigate trade-offs between locality/globality
and between static/dynamic aggregation to achieve state-of-the-art performance across

diverse vision tasks.

Attention enhanced CNNs

Inspired by non-local means operations [45], global or local self-attention mechanisms
are reformulated as special instances of dynamic convolution. Given a feature map,
non-local operations compute the response at a position as a weighted sum of the
features at non-local positions in the feature map, regardless of the distance between
them. Therefore, equipped with the capability to model long-range interactions in
a feed-forward fashion, CNN architectures have demonstrated superiority for feature
extraction by expanding the receptive field and focusing on different spatial locations
based on their importance, as depicted in Figure

CNN + Attention
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Figure 2.5: Schematic of a generalized framework for the hybrid framework of CNN with
an attention mechanism.

Adapting Attention for CNNs

Attention mechanisms, as instances of dynamic convolution, can adjust their aggregation
weights in response to changes in the visual input based on pixel similarities. Many Attn-

CNNs applied attention modules to higher-dimensional visual data than to sequential
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data for adaptation. RANet [652] stacked attention modules with residual units to
generate attention-aware features adaptively varying as layers go deeper. SENet [268]
focused on the channel relationship and proposed a ”Squeeze-and-Excitation” (SE)
block that adaptively captured interactions between channels. Non-local Network [678]
introduced a non-local operation as a generalization of spatial attention, computing
a weighted sum of features across all positions. CBAM [691] combined spatial and
channel attention modules sequentially, while BAM [508] and DANet [183] combined
them in parallel. A2-Nets [98] proposed a double attention block that aggregated
and propagated informative global context from the spatial-temporal representative
space of input images and videos. AA-Net [33] introduced two-dimensional relative
position encoding [570] into CNNs to maintain translation equivariance for handling
images and applied MHSA in parallel to a standard convolution operation as an
augmented operation. GCNet [52] proposed a three-step general framework that
unified the Non-Local network and SENet to model global context. Ramachandran
et al. [533] proposed a local self-attention layer that aggregates only within a specific
window centered on each pixel and can be used in place of convolutional operations
in CNNs. Zhao et al. [836] proposed two types of vector attention, pairwise and
patchwise self-attention, to replace conventional attention with scalar weights. Both
attention mechanisms learned vector weights for the spatial and channel dimensions
simultaneously. Pairwise attention was a set operator that computed interactions
within a local scope of aggregation. In contrast, the patchwise self-attention was
an instance of the dynamic convolution operator that adaptively generated the local
aggregation weights. FEDER, [234] proposed a learnable wavelet transformation and
applied spatial/channel attention and convolution to mine different frequency bands.
Likewise, FADNet [461] captured long-term dependencies within the frequency domain

and converted them into query vectors that contained global input-dependent contexts.

Reducing Computational Complexity

Although self-attention enables modeling of global contextual information, it is both
memory- and computation-intensive. The dense attention map computation has a
high complexity of O(N?), where N denotes the number of pixels in feature maps. To
reduce this computational burden, many Attn-CNNs have explored matrix factorization
or simplification to improve efficiency. One stream of research employed sparsity or
locality properties to simplify self-attention mechanisms. CcNet [287] proposed the

criss-cross attention module for each pixel position that approximated the dense matrix
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multiplication with two simple vector multiplications along one criss-cross path. By
recurrent criss-cross attention, each pixel position can capture long-range interactions
from other pixels with a complexity of O(2v/N). LRNet [267] proposed local relation
networks to compute attention in a local window with lower complexity adaptively,
and introduced geometric priors into CNNs. Other work has explored approximating
the self-attention mechanism using simpler matrix multiplication. Similar to the
core idea behind cross-attention (see , most efforts have focused on adapting
cross-attention to achieve linear complexity for CNNs, extracting high-level semantic
information between class tokens and pixels in feature maps. EncNet [806] introduced
channel attention to highlight significant feature channels via a context-encoding
embedding. The context vector was the output of cross-attention, which used the
Euclidean distance rather than the cosine distance to compute similarity. EMANet
[379] interpreted the cross-attention as a Mixture of Gaussian models solved by the
Expectation-maximization algorithm. It updated static class tokens and re-estimated
feature maps to remove unnecessary noise. On the contrary, OCRNet [784] introduced
object-region representations as dynamic class tokens and obtained pixel-region relations
via cross-attention to reconstruct object-level contextual representations. ECA-Net
[665] is dedicated to reducing the complexity of the channel attention mechanism
and proposes an efficient channel attention module with fewer parameters. Moreover,
ResNeSt [807] introduced the Split-Attention block to implement channel attention
across different groups of feature channels within multi-path feature representations,

resulting in a simple, unified computational block with fewer parameters.

Convolution enhanced ViTs

Convolutional operations help mitigate several inherent drawbacks of visual transform-
ers, including the lack of inductive biases (e.g., reliance on large-scale pretraining data),
high computational complexity, and difficulty in capturing local low-level context and
positional embeddings. Incorporating convolutions into visual transformers enables
these hybrid models to leverage the strengths of both architectures, leading to im-
proved robustness, efficiency, and performance across various computer vision tasks, as
depicted in Figure [2.6]

Enhancing Tokenization

VTs [692] integrated convolutional operations into ViTs to enhance tokenization and

proposed an efficient VI-FPN module to extract multi-scale feature maps with fewer
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Transformer + Convolutional Module
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Figure 2.6: A generalized framework for the hybrid framework of CNN with an attention
mechanism.

FLOPs than conventional FPN. Xiao et al. [711] substituted the original tokenization
process with several stacked 3 x 3 kernels with a stride 2, facilitating the stability and
generalization of ViT for downstream tasks. CvT [693] replaced Linear projections
with convolutions to capture the spatial structure and low-level details for tokenization
and adopted a hierarchical structure to progressively reduce the token length, imitating
the impact of spatial down-sampling as in CNNs. CeiT [779)] integrated the advantages
of CNNs in extracting low-level features and enforcing locality into an image-to-token
module that extracts patches from the generated local context. CCT [232] introduced
a convolutional tokenization process and proposed a sequence pooling scheme to utilize
multi-scale information. In addition, CCT can be trained from scratch on smaller
datasets, e.g., CIFAR10, a remarkable property not possible with traditional ViTs.
CPVT [115] utilized depth-wise convolutions to define Positional Encoding Generators,
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incorporating positional information into patch embeddings. ResT [818] replaced the
patch embedding as a stack of overlapping convolution operations with a stride on the
token map and incorporated depthwise convolutions and adaptive position encoding to
tackle varying image sizes. MPVit [359] integrated convolution operations with overlap
to generate patch embeddings at different scales and proposed a multi-path architecture
to interact global and local features across scales. CrowdFormer [750] proposed an
overlap patching transformer block to capture the global contextual information in a

top-down manner to extract overlapping patches at different scales.

Integrating locality into Attention

LocalViT [393] introduced depthwise convolution into Feed-Forward networks and
brought locality into self-attention mechanisms. LeViT [203] adopted a pyramid ar-
chitecture with pooling, similar to the LeNet [350], and explored the convolutional
behavior in the transformer patch projection layer. BoTNet [592] adapted ResNet
Bottleneck Modules that replaced the spatial convolutions with global self-attention.
CMT [213] integrated convolution operations into the FFN of each transformer block
to promote the correlation among neighboring tokens. ConViT [I61] designed a dual
path that attached a parallel convolution branch to a transformer branch for soft
integration of convolutional inductive biases via a Gated Positional Self-Attention
(GPSA). Refiner [851] observed the over-smoothing issue of MHSA in deep architec-
tures and directly integrated convolution kernels into the self-attention mechanism,
thereby augmenting local patterns in the attention matrices and establishing a coaction
between global context aggregation (via self-attention) and local context modeling (via
convolution). NesT [835] adopted a hierarchy of blocks to represent images at different
scales and aggregated blocks across the hierarchy using convolution and pooling opera-
tions, thereby communicating information among blocks. Visformer [102] performed
a comparative study between convolution operations and self-attention modules. It
revealed that replacing self-attention modules with residual convolutional blocks [716]
in the early stages can effectively capture both spatial and local features while requiring
fewer FLOPs. CoAtNet [I31] introduced relative attention that combined depthwise
convolution with self-attention and vertically stacked convolution and attention in
the shallow layers. Likewise, ACMix [606] addressed an underlying relation between
convolution operations and self-attention mechanisms and combined them in parallel
as a lightweight aggregation operation. MOBILEVIT [469] combined the strengths
of CNNs and ViTs to build a lightweight and low-latency network for mobile vision
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tasks. Conformer [515] adopted a concurrent structure consisting of one CNN and a
transformer branch. It proposed a Feature Coupling Unit (FCU) to integrate local

features into global representations.

Reducing Computation Complexity

ConvBERT [311] simplified self-attention calculation by proposing a new module -
called span-based dynamic convolution - that combines the fully connected and convo-
lutional layers. Long-Short Range Attention (LSRA) [703] reduced the computational
cost of the self-attention mechanism by using convolutional operations to capture local
information. Efficient-Attention [571] decomposed the pairwise matrix multiplication
with two channel-attention functions and converted the matrix production into vector
multiplication. Coat [737] devised a conv-attentional mechanism that approximated the
softmax attention matrix as a product of two linear functions, inspired by LambdaNets
[32]. Perceiver [292] combined cross-attention with latent transformers that mapped ar-
bitrary high-dimensional input onto a fixed-sized latent space, reducing computational
complexity. Maxvit [632] introduced a Multi-Axis attention mechanism that integrates
local blocked attention with dilated global attention. This design enables global-local
spatial interactions across arbitrary input resolutions while maintaining only linear
computational complexity. PVT-v2 [674] proposed a linear spatial reduction attention
module that reduced the spatial dimension of feature maps to a fixed size via average
pooling, enjoying linear computational and memory costs like a convolutional layer.
EfficientViT [47] proposed lightweight multi-scale attention to handle high-resolution
input via ReLU-based global attention [318]. SwiftFormer [567] introduced a novel,
efficient additive attention mechanism to replace the quadratic matrix multiplication

operations with linear element-wise multiplication.

2.2.4 Development Trend Summary

The progression from CNNs to ViTs to Hybrids illustrates a clear conceptual trajectory:
starting with strong, locally biased priors, moving towards flexible, globally aware
computation, and culminating in architectures that strategically balance both. This
evolution is governed by the continuous interactions between the core mathematical
operations of convolution (local, static) and attention (global, dynamic). The resulting
hybrid models are not merely a combination of two components, but a new class of
architectures where locality and globality, static and dynamic, coexist and cooperate,

defining the current frontier in visual representation learning.
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2.3 Other Techniques

Some stand-alone techniques are used in deep learning to improve automation and
expand the range of applications. Neural Architecture Search (NAS) is a technique that
reduces the difficulty of designing efficient and general architectures for given complex
datasets. Specifically, NAS formalized model architectures as a set of learnable hyper-
parameters and automated hyperparameter tuning via dedicated training processes.
In addition, Neural Architecture Compression (NAC) explored patterns of feature
vectors and mapped them to similar vectors using fewer bits. The compression aims to
deploy powerful deep learning models in resource-limited scenarios, such as mobile and
embedded devices, without significantly degrading performance. Moreover, Knowledge
Distillation (KD) is used to transfer knowledge from source models to target models.
The knowledge transfer enables the easy generation of new models as an ensemble of
an enormous number of off-the-shelf models. The last aspect is to alleviate the hunger
for annotated data. Despite the almost unlimited growth in data, the corresponding
high-quality manual annotations lag far behind due to the high cost of labeling, espe-
cially in domains such as biology, medicine, and chemistry. Insufficient annotations
have hindered the rapid development of supervised deep learning models. Therefore,
self-supervised learning (SSL) or unsupervised learning (USL) was used to improve the
robustness of feature representations without requiring additional supervision (i.e., ex-
pensive manual annotation). Moreover, Diffusion models provide a powerful generative

framework for capturing data distributions and producing high-quality samples.

2.3.1 Neural Architecture Searching

Neural Architecture Search (NAS) is a deep learning technique that automates the opti-
mal design of networks in architecture and engineering. Traditionally, designing neural
network architectures has required specialized knowledge and extensive trial and error.
Instead, NAS formulates the architecture search space as a set of possible combinations
of layers, skip connections, operations, and hyperparameters. The mathematical core
is to relax the search space so that continuous weights represent the choice between
operations. Then the output is a mixed operation over the candidates. Therefore, a
joint optimization of architecture choices and network parameters is performed via
gradient descent. A final discrete architecture is derived by retaining the operation with
the highest weight. Moreover, NAS proposes different searching strategies to explore the

search space. It employs performance-estimation strategies to identify optimized archi-
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tectures for visual tasks, such as image classification, segmentation, and object detection
[163]. Early NAS works explored various search spaces defined by units, operations,
and their connections for CNNs [873], [874], 422}, 875, 531}, 61T, 1826, [742], 148, (470, [739].
Later, NAS further explored the design of more efficient and scalable ViT architectures
suitable for vision tasks [82] [64] 91l 596] by combining tokenization and attention
blocks. Recent advancements in NAS have identified optimal combinations of CNNs
and ViTs, leading to more powerful and efficient models [216, [579], 863, [777, 468, [771].
Nevertheless, NAS requires a delicate trade-off among search space expressiveness,
search strategy cost, and estimation accuracy. While gradient-based methods are fast,
they may favor narrow, continuous spaces. Evolutionary strategies are more flexible

but computationally expensive, requiring thousands of model evaluations.

2.3.2 Neural Architecture Compression

In this subsection, we exclude some techniques (e.g., matrix decomposition and knowl-
edge distillation) that, though applicable to model compression, are not dedicated
solutions due to their broader applicability in other applications [498]. Instead, we
mainly introduce two dedicated directions for model compression: pruning and quanti-

zation.

Pruning

Pruning techniques aim to sparsify neural networks by removing redundant components
with minimal impact on performance [7306, 249]. Currently, pruning is the most
common method of reducing network complexity and overfitting [120]. The pruning
methods began with unstructured pruning in the early stages for CNNs. Inspired by
Dropout and DropConnect operations, early unstructured pruning methods removed
neurons or connections whose magnitude or importance ranking fell below a predefined
threshold. The variants [266] [775] [, 464, BOT], 605, 5] alternated between weight
updates and pruning by dynamically adjusting thresholds. More recent structured
pruning techniques have introduced different levels based on pruning granularity. From
fine to coarse, they are kernel-level, block-level, and filter-level pruning [341]. The
kernel-level pruning [11, 41T, 495, 463], [147] refers to removing entire convolutional
filters, thereby achieving channel-wise sparsity. Additionally, block-level pruning
[348], [392], 430, [805] aims to trim multiple filters grouped by their similar inherent
sparsity patterns. The filter-level pruning [452, 250} [473] 616}, [821] focused on removing

entire layers of blocks based on more sophisticated rules. In ViTs, pruning techniques
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trim unimportant attention heads to improve efficiency during deployment. The
redundancy of attention heads can define the importance scores to estimate the
influence of each head [475] 168 522] 263 [863] [614].

Quantization

Quantization aims to lower the number of bits required for storing weights or in-
termediate features by mapping representations to a small set of discrete values
[639, [72T], (759, [372]. Early quantization methods have been explored for convolutional
neural networks. They can be divided into different categories: vector quantiza-
tion that adopted code-book and quantization code for restoring the original data
[298], [T98], [695], [354], multi-bit quantization that substituted floating-point weights with
low bit(s) directly [1406] [664, 539, [396], 538, [741] [688], and hashing quantization that
adopted a random weight sharing strategy to reduce the model redundancy substan-
tially [91l 2711 [781]. Recently, there has been growing interest in quantization schemes
for ViTs [615], aiming to compress the inputs and weights by low-bit representations
[623] 575 442 [660].

Comparative Analysis

Pruning reduces parameter count and FLOPs, directly improving model size and
theoretical computation. Quantization reduces memory bandwidth and enables integer
acceleration on dedicated hardware. In practice, pruning is favored for aggressive
FLOP reduction (e.g., edge devices with strict latency limits), while quantization is
essential for maximizing throughput on commodity integer processors (e.g., mobile
CPUs). They might be combined sequentially as a pipeline, i.e., pruned first and then

quantized, to maximize efficiency.

2.3.3 Self-supervised /unsupervised learning

Self-supervised learning (SSL) [259, [645] [637] and unsupervised learning (USL) [568,
6211, 54, [324], [149], [731] aim to leverage abundant unlabeled visual data [136] for learning
robust representations. These approaches have been widely adopted in CNNs and
ViTs to enhance generalization. USL and SSL share similar feature-learning pipelines.
Therefore, we focus more on the more popular SSL approaches. In the early stages, SSL
was applied to CNNs to learn rich visual representations for downstream tasks [511]
377, 857, 584 [792]. Later, contrastive learning, one of the most important frameworks
in SSL, has been prominent and developed by VAEs [326], [546| 150, 582], SimCLR [87],
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SwAV [640, [54], BYOL [206, [514], and MoCos [244] 03]. Recent works [81] [534], 366,
399, [789, [16] [84), [720, [479] also explored self-supervised schemes for ViTs. DeiT [626]
introduced a distillation token-based approach to SSL that enables efficient training on
smaller datasets. Likewise, DINO [55] proposed a self-distillation scheme that integrates
knowledge distillation with SwAV, focusing on learning representations via clustering
without requiring labels. BEiT [26] applied random masking of image patches (tokens)
from BERT in NLP [320] to ViTs. Moreover, MAE [242] applied a masking technique,
forcing ViTs to learn contextual relationships among patches by reconstructing masked
image patches. In addition, some works that were originally developed for CNNs
have been adapted for ViTs. MoCo v3 [05] adopted momentum-based contrastive
learning to obtain robust image representations between different augmented views
of the same image for ViTs using a memory bank. MoBY [719] combined MoCo v2
and BYOL for Swin Transformers [441]. PeCo [155] improved masked image modeling
by optimizing image tokenization with a perceptual codebook. We briefly summarize
the effectiveness of SSL Methods across domains. The efficacy of self-supervised
learning (SSL) paradigms varies significantly across application domains, dictated by
data characteristics and task objectives. In natural image understanding, contrastive
learning methods (e.g., SimCLR, MoCo) excel by learning invariant representations from
geometric and photometric augmentations, providing strong features for downstream
classification and detection. In contrast, masked image modeling (MIM) methods
(e.g., MAE, BEiT), which learn to reconstruct masked content, have shown superior
performance on dense prediction tasks such as segmentation because they inherently
model patch-level context and semantics. In medical imaging, where annotations are
scarce and textures are subtle, MIM often outperforms contrastive learning because its
reconstruction objective forces the model to learn fine-grained anatomical structures,
thereby improving transfer to segmentation and detection tasks. In remote sensing,
multimodal SSL that leverages geographic and temporal metadata alongside images
has proven more effective than unimodal approaches. Meanwhile, for video data,
contrastive methods that exploit temporal consistency (e.g., by contrasting frames
from the same video clip) are dominant for action recognition. This domain-specific
performance highlights that no single SSL method is universally optimal. Hence,
selecting or designing a pretext task must align with the inherent structure and

annotation constraints of the target data.
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2.3.4 Knowledge Distillation

Knowledge Distillation (KD) is a machine learning technique that transfers knowledge
from a source model (the teacher model) to a destination model (the student model).
The general process of KD involves training the student network to mimic the teacher’s
intermediate or final outputs based on a loss function that measures mutual similarity.
The transfer facilitates effective knowledge propagation from the teacher to the student.
KD has been widely applied across various domains, including model compression and
ensemble learning. As for model compression, KD can derive smaller but more efficient
student models out of larger and more complicated teacher models for CNNs [46), 18],
549, 254, [86], 454), [620, 145, [T, 854, [859] 212] [302] and ViTs [485] 675, 477, [626] 304].
As for ensemble learning, KD can fuse information from multiple teacher models into a
single but more powerful student model [I85] 493, (13, 215 [7, K0T, 61| B85, B17, 500].
Generally, KD is a versatile bridge between other techniques. It can recover from
accuracy loss caused by aggressive pruning or quantization, distill knowledge from
ensemble foundation models via NAS into a single model, or serve as the final fine-tuning

step for a model trained via SSL.

2.3.5 Diffusion Models

The diffusion Model (DM) methodology uses CNNs and ViTs as building blocks to
approximate data distributions. It defines a framework that learns to generate new
data by adding and removing noise from the inputs. Specifically, diffusion models
are iterative generative models based on Markov chains. Every chain begins with
true data and ends with pure noise. Besides, each state corresponds to one noisy
intermediate data point with increasing noise levels. A diffusion model consists of two
stages: a forward diffusion stage and a reverse diffusion stage. In the forward diffusion
stage, the input data is converted into pure noise by gradually adding Gaussian noise.
In the reverse stage, a diffusion model learns to progressively recover the original
input data from the pure noise using CNNs or ViTs as backbone architectures. The
fundamental paradigm shift from Generative Adversarial Networks (GANs) to DMs
represents a mathematical evolution in generative modeling. GANs [202], introduced
by Goodfellow et al., formulate generation as a min-max game between a generator
and a discriminator. The generator learns to produce realistic samples, while the
discriminator attempts to distinguish real from generated data. The training objective

seeks a Nash equilibrium that minimizes the Jensen—Shannon divergence between the
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real and generated distributions [201]. However, GANSs rely on an indirect adversarial
mechanism: the generator and discriminator jointly learn implicit representations,
and convergence is achieved when the two distributions become indistinguishable.
The core idea is to use two mutually close approximations to the unknown real
distribution. Despite their success, GANs suffer from well-documented limitations,
including training instability (e.g., vanishing gradients when the discriminator becomes
too strong), mode collapse (where the generator produces only a limited variety of
samples), and difficulty in capturing complex multi-modal distributions. Diffusion
models [124] emerged from principles of non-equilibrium thermodynamics and adopt
a fundamentally different paradigm. Instead of adversarial training, they employ a
denoising objective grounded in rigorous probabilistic theory. Diffusion models can
be formulated within the framework of stochastic differential equations (SDEs) [586],
unifying popular variants such as DDPM [260], DDIM [583], and NCSNs [685] as
special cases. By optimizing a well-behaved surrogate likelihood bound (e.g., the
variational lower bound or a simplified mean-squared error), DMs achieve stable
training and comprehensive coverage of the data distribution without mode collapse,
directly addressing the core weaknesses of GANs.  Originally developed for data
generation, DMs [483] have demonstrated performance comparable to that of GANs
and VAEs [326]. Recently, they have been adapted for diverse computer vision tasks
(e.g., image segmentation, object detection), offering enhanced robustness by modeling
additive noise. We will elaborate on the applications of DMs in section For more

information on applications, please refer to the survey [237].

2.3.6 Deep Unfolding Techniques

Iterative optimization methods play a central role in deep learning, serving as the math-
ematical foundation for training, inference, and estimation. Despite interpretability and
theoretical guarantees, conventional iterative optimization algorithms suffer substantial
computational latency due to the complexity of hyperparameter tuning. Conversely,
deep learning models offer powerful data-driven modeling capabilities but lack the
structure, transparency, and efficiency needed for optimization-driven inference. There-
fore, deep unfolding has recently emerged as a remedy to bridge these two paradigms by
systematically transforming iterative optimization algorithms into structured, trainable
ML architectures [574]. The hybrid framework, also known as the Deep Unfolding
Network (DUN), can integrate prior domain knowledge into network design. Therefore,

DUNSs need relatively few trainable parameters in theory. The evolution of DUNs
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demonstrates their role as a versatile meta-technique. Initially, DUNs were primarily
incorporated into CNNs to tackle low-level tasks, such as compressed sensing [335]
and image denoising [733], leveraging their efficiency in local feature extraction. Later,
CNN-based DUNs have attracted attention in high-level vision, such as concealed
object segmentation [240] and image super-resolution [8T1]. A significant advancement
occurred as researchers began to integrate ViTs (or Vision-Language models) into the
unfolding framework to capture long-range dependencies, which is crucial for tasks
such as image restoration [796] and video processing [134]. The most recent trend
focuses on designing hybrid modules within the DUN skeleton, combining convolutional
layers for local processing and attention blocks for global interaction into a single,
optimized pipeline [846]. This progression underscores DUNs as a flexible framework
that can harness and enhance the advantages of underlying architectural components
(CNNs, ViTs, or their hybrids) and other techniques (e.g., Diffusion [238]) to improve
performance and interpretability across diverse inverse problems. Generally, DUNs are
a prime example of hybridizing domain knowledge with data-driven learning. Their
interpretable structure makes them particularly attractive for trustworthy deployment
in scientific and medical domains. For a comprehensive exploration of deep unfolding

methodologies, please refer to the detailed survey [135] [574].

2.3.7 Section Summary

Some techniques have different intrinsic characteristics. For instance, SSL and DM
represent different points on the spectrum of data utilization: SSL condenses information
from real data into representations, while DMs expand the data distribution through
synthesis. In practice, these techniques are rarely used in isolation. A common
pipeline might involve: 1) SSL is the workhorse for pre-training general-purpose
representations, especially in label-scarce domains. 2) DM can use SSL-enhanced
representations to synthesize high-fidelity samples for data augmentation or to provide
robust generative priors as fake labels. 3) NAS can discover an efficient backbone for a
target task. 4) Compressing the model via pruning and quantization for deployment,
and 5) Employing KD to fine-tune the compressed model and recover performance
from the original large model as a teacher. 6) DUNs inject strong domain priors into
optimization for structure transparency. Understanding their complementary strengths
and formal interconnections is crucial for building efficient, robust, and deployable

vision systems.
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2.4 Applications

Due to their ability to automatically fit complex data, deep learning models have been
widely applied to computer vision tasks and have achieved good performance. In this
section, we introduce the numerous applications of different model types and reveal

trends in architecture selection based on dataset properties.

2.4.1 Classification

Classification is the most fundamental task in computer vision. It aims to predict class
labels at multiple levels: image-level (class presence), pixel-level (semantic segmenta-
tion), and instance-level (instance segmentation). As depicted in Figure Image-level
classification identifies the existence of classes but lacks spatial localization. Semantic
segmentation refines this by partitioning the image into disjoint regions corresponding
to semantic classes. Instance segmentation further distinguishes individual instances

within each semantic class.

(a) Original image (c) Object detection

background - - background

(d) Semantic segmentation  (e) Instance segmentation  (f) Panoptic segmentation

Figure 2.7: Classification hierarchy from coarse-grained to fine-grained inference: classifi-
cation at image level, detection or localization at part/region level, semantic segmentation,
instance segmentation, and panoptic segmentation all at pixel level.
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Image-level classification

Large-scale datasets like ImageNet [I38] have driven the widespread adoption of CNNs
for image classification. Their ability to automatically extract complex information
from data has surpassed traditional image analysis algorithms. Inspired by LeNet-
5 [351], AlexNet [340] was a pioneering CNN-based classification architecture that
achieved superior performance on ImageNet. The automation sparked the enthusiasm
of subsequent researchers for designing more complex architectures, driven by the
importance of stacking additional layers. VGG [5677] designed deeper networks by
stacking more convolutional and fully connected layers sequentially, gaining improve-
ment in classification tasks. At the same time, GoogLeNet [608] was designed with
wider networks using an inception module inspired by NiN [410]. Since replacing all
fully connected layers, GoogLeNet has outperformed VGG with around one-eighth
the number of parameters. Several improvements to the inception module [610} 288]
advanced the accuracy of image-level classification. As depth increases, CNNs can
suffer from vanishing or exploding gradients. ResNet [248] introduced a skip connection
to interact with arbitrary pairs of layers at different depths and enabled training a deep
CNN up to 1000 layers. The core innovation lies in parameter-free residual functions,
which bypass intermediate layers to stabilize gradient flow and mitigate vanishing
gradients. The residual function is almost necessary for deep learning models and has
been improved by the following research [607, 827, Q9] [716], 277, [758]. In addition,
capsule networks [559] 256] 220] 2] adopted steerable convolutions and introduced
equivariance to geometric transformations in image classification.

Later, visual transformers became popular alternatives to CNNs for image-level
classification due to their self-attention mechanisms, which capture long-range de-
pendencies. Vision Transformer [I56] proposed the first ViT framework for image
classification. The successive ViTs focus on tokenization improvement, multi-scale
feature extraction, self-attention simplification, and training efficiency enhancement
(see more details in section . Most recently, hybrid architectures have gained
popularity by combining the strengths of both CNNs and ViTs [815, [384]. There are
two main branches, i.e., enhancing CNNs with the attention (Attn-CNNs) mechanism
and Transformers with Convolution (Con-Trans). Attn-CNNs introduce self-attention
mechanisms into hierarchical feature representations to capture global context infor-
mation at different scales and model generic object relations to understand complex
scenes (refer to subsection . Con-Trans incorporates convolutional operations

into ViTs to build multi-scale features and alleviate the data-hungry problem during
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training (refer to subsection [2.2.3)). Some significant work on image classification tasks
is summarized in the Table including CNN-based, ViT-based, and hybrid models.

Pixel-wise classification

Pixel-wise classification is more conceptually difficult than image-level classification
because disjoint spatial partitions are needed to locate the present entities. Depending
on the partition granularity, semantic and instance segmentation are defined. More
specifically, semantic segmentation assigns each semantic class to a single disjoint
partition, which may contain multiple instances. Instance segmentation pushes the
concept of segmentation one step further, identifying clues to individual semantic
objects and separating disjoint semantic partitions into non-overlapping instance
regions at finer granularity. However, many semantic classes (uncountable regions such
as sky, sea, grass, etc.) cannot be further divided into individual entities, unlike other
semantic classes (countable entities such as cat, dog, person, etc.). Therefore, panoptic
segmentation [329] unifies uncountable ”stuff” classes and countable ”"thing” classes
into one segmentation framework to deal with all possible semantic entities. CNNs
have developed specialized frameworks for segmentation tasks, whereas ViTs have
enabled general-purpose frameworks for all pixel-level classification tasks. Therefore,
we will introduce task-specific and generic architectures separately. We organize task-
wise models in the Table 2:2] for the semantic, instance, and panoptic segmentation,

respectively. Moreover, some representative universal models are listed in Table

A. Semantic Segmentation

The success of CNNs in image-level classification motivated researchers to explore
the capabilities of pixel-level labeling on semantic regions. The key advantage of
CNNs, which enables them to outperform traditional methods, is their ability to
learn appropriate feature representations from a particular dataset in an end-to-end
manner, rather than relying on handcrafted features that require extensive domain
expertise and manual parameter tuning to adapt to the specific scenario. However,
CNNs for image-level classification struggle to achieve good partitions since their
sequential/linear architectures are not designed to extract spatial information at
different scales. Therefore, CNNs for semantic segmentation [672] have to find rich
details about locations and appearances to infer the pixel-wise affiliation at different
depths. With residual skip connections, the following research focuses on designing

architectures that integrate local and global information across multiple scales. FCN
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X .. Top-1 #Param
Model Dataset | Year | Publication Acc(%) GFLOPs (M)
AlexNet[340] 2012 | NeurIPS 63.3 1.45 62
VGG 2015 | ICLR 75.6 15.5 144
GoogLeNet[608] 2015 | CVPR 68.3 1.5 6.8
Inception-v3[610] 2016 | CVPR 77.2 11.4 23.8
ResNet-50[248] 2 | 2016 | CVPR 76.1 41 25.6
ResNet-101[248] < 2016 | CVPR 7.4 7.9 44.7
Inception-v4[607) “ 2017 | AAAT 80.1 13.4 55.8
PolyNet[827] 2 | 2017 | CVPR 81.3 20.8 94.7
CNN | DPN[9] E| 2017 | NeurIPS 80.7 11.7 61.7
ResNeXt[716] 2017 | CVPR 79.6 8.0 83.7
DenseNets[277] 2017 | CVPR 77.8 7.7 28.9
CliqueNet[758] 2018 | CVPR 76.0 8.5 14.4
MobileNetV3[264] 2019 | ICCV 75.2 0.22 5.4
Capsule-Net[559] S. 2017 | NeurIPS 92.1 0.23 4.2
Capsule-EM [256] ~ 2018 | ICLR 88.5 0.17 0.8
CapsNet[220] £ | 2019 | NewIPS 92.2 0.14 3.2
Star-caps|2] &) 2019 | NeurIPS 91.2 0.51 0.3
Vision Transformer|[I50] 2021 | ICLR 79.8 17.6 86.6
CaiT-S[627] 2021 | ICCV 83.3 13.9 48.0
p XCiT-L[6) 2021 | NeurIPS 86 417.9 189
& DeiT-B[626] 2021 | ICML 81.8 17.6 86.6
8 DINOI[55] 2021 | ICCV 78.2 17.6 85
= Swin-B44T] 2021 | ICCV 83.3 15.4 88.0
L@ Performer[113] E 2021 | ICLR 76.5 10.2 87
© PiT-B[252] £ | 2021 | 1CCV 84 12.5 73.8
% | ViT | CrossVit[G6) z 2021 | ICCV 82.8 9.5 44.3
k| SeT-33[604] 2| 2022 | PAMI 83.3 7.7 40.3
KVT-PB[GG3] ! 2022 | ECCV 82.6 12.5 74
DAT-BJ|707] 2022 | CVPR 84.8 22.6 100
TaT[413] 2022 | CVPR 72.4 2.7 13.8
DW-B[544] 2022 | CVPR 83.8 17.0 91
VSA[RI7] 2022 | ECCV 83.9 16.0 88
CrossFormer++[676] 2023 | PAMI 85.0 21.8 96
Dual-ViT[763] 2023 | PAMI 85.7 18.0 73
SENet-R50[268] 2018 | CVPR 78.4 4.4 30.5
FANet [533] 2019 | NewrIPS 776 7.2 18.0
SANI[836] 2020 | CVPR 78.2 3.3 20.5
LeViT|[203] 2021 | ICCV 82.5 2.3 39.4
ConViT|[I6T] i 2021 | ICML 82.5 30 152
ResNeSt-50[807] i 2022 | CVPR 81.1 5.39 27.5
Hybrid MPVit-B[359] 2"’ 2022 | CVPR 84.3 16.4 74.8
PR oMT-LpI3) g | 2022 | CVPR 84.8 19.5 747
Swin-ACMix-S[506] E 2022 | CVPR 83.5 9.0 51
Dilate-B[312] - 2023 | TMM 85.6 31.1 48
Conformer-B[515] 2023 | PAMI 84.1 46.6 83.3
SwiftFormer-L3[567] 2023 | ICCV 83.0 4.0 28.5
Efficient ViT-B2[47) 2023 | ICCV 82.7 2.1 24
SwiftFormer-L3[567] 2023 | CVPR 83.0 4.0 28.5

Table 2.1: A comparative analysis between different models on Image-level classification
in terms of parameter complexity and Top-1 (%) Accuracy on ImageNet-1K. For a direct
comparison, we consider models with input of size 224 x 225.
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[444] is a milestone in semantic segmentation, enabling CNNs to be trained end-to-end.
It replaced the fully connected layers with 1 x 1 convolutional layers, inspired by NIN
[410], to generate pixel-wise predictions. Additionally, it introduced deconvolution
[795] [793] as an up-sampling operation to learn how to restore spatial information
from hierarchical feature maps, rather than relying on fixed interpolation methods.
However, FCN adopted complicated models (AlexNet, VGG, GoogLeNet, ResNet,
etc.) as encoders for feature extraction but used a very simple decoder for inference,
limiting its performance. The following research explored integrating feature maps from
multiple paths into decoders to capture object location and appearance cues across
different scales. U-Net [551] and its variants [20, 510} [63] 529] 299] [0 T51] employ a
ladder-shaped architecture that facilitates bilateral information flow from encoder layers
to their corresponding decoder counterparts. This design effectively combines low-level
local cues with high-level global context. To merge information from multiple paths,
feature pyramid structures [532, 555] 36, [68] [406] adopted different down-sampling
and up-sampling strategies to obtain rich information flows more flexibly, like dilated
convolution [770, [661), (510} [79] expands receptive fields with dilation rates to collect
statistics from wilder scope at the cost of memory consumption, and spatial pyramid
pooling [435], [79], [837, 2], R0, [694], 657, [706] to capture contextual information from
different receptive field sizes for semantic regions of varying scales. The multi-path
structures allow the insertion of pixel-wise loss functions at arbitrary depths for deep
supervision. In addition, traditional probabilistic models, like Conditional Random
Fields [338], [77, [845], 58] [78], random walk [35] B09], were adapted into deep learning
to capture more representative features to support pixel-level inference. Most recently,
CNNs [656] integrated with knowledge distillation techniques to enhance segmentation
performance.

Some ViTs have been specifically applied to semantic segmentation and use self-
attention to model long-range pixel interactions. The ViTs [847, [712] 595 [6l, 67T, 51,
800] follow the standard ViTs that divide an input image into patches by a tokenization
process and generate better feature representations with self-attention. Then, an
additional semantic segmentation module is required to produce pixel-wise semantic
masks. In addition, many hybrid models have achieved impressive performance on
semantic segmentation. Attn-CNNs [785, 678 [769] 806, 287, 184, 494] adopt an
attention mechanism to capture long-range context and predict semantic masks. Con-
Trans [(3, (92, [632], 674, [47, 314, 294] replace the patch tokenization process with
CNNs to better locate meaningful semantic regions, and use self-attention to obtain

enhanced semantic feature maps.
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B. Instance Segmentation

Unlike semantic segmentation, instance segmentation requires finer-grained location
information to divide semantic regions into individual entities further. The purpose
is to reason about spatial relationships among various instances to better understand
the scene. Currently, it remains challenging for CNNs to represent each entity with
location and semantic information. Like object detection, instance segmentation can
be divided into one-stage and two-stage methods. As for two-stage methods, CNNs
developed instance segmentation upon object detection approaches, which detect and
locally segment sequentially: SDS [229], MCG [12], SharpMask [517], MultiPath [790],
Instance-FCN [125], Mask R-CNN [245], PANet [433], MaskLab [76], Mask Scoring
R-CNN [284], Cascade Mask R-CNN [50], HTC [74], BlendMask [70], CondInst [622]
and Refinemask [804]. As for one-stage instance segmentation, CNNs build grid
structures and use each grid point to represent nearby potential instances: YOLACT
[39], TensorMask [94], SOLOs [679, [680], PointRend [331]. Moreover, Deep Snake [513]
offers a different perspective on anchor-free instance segmentation by adapting active
shape models to deep learning. Few transformer-based approaches have focused on
instance segmentation rather than generic segmentation. Querylnst [I78] adopts shared
queries to represent all possible instances within the dataset and uses cross-attention to
find instance-wise responses. In addition, some CNNs with attention mechanisms offer
novel perspectives on modeling long-range object relations. They enhanced instance
segmentation tasks [360} 516l [707, B9, (06, B61] with an attention mechanism to
highlight informative channels or locations, thereby improving the representation of

potential candidate entities.

C. Panoptic Segmentation

Panoptic segmentation [329] further extends the partition criteria and introduces
two auxiliary classes, ”things” and ”stuff” tags, corresponding to ”countable” and
”uncountable” concepts in natural language. The added intermediate classes divide
the original semantic classes into two groups, and panoptic segmentation employs
two selection branches: one for semantic segmentation (handling ‘stuff’ classes) and
another for instance segmentation (handling ‘thing’ classes). This approach unifies
semantic and instance segmentation tasks within a joint framework. Therefore, panoptic
segmentation must define flexible architectures that can select between semantic and
instance segmentation to assign each pixel a semantic label or an instance ID based on

a given auxiliary ”things” or ”staff” tag. Initially, panoptic segmentation models were
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heavily based on CNNs, leveraging their ability to extract hierarchical spatial features.
It is challenging for CNNs to jointly represent the concepts of ”staff” and ”things”. The
early CNNs [519, [520, [708], such as Panoptic FPN [328], UPSNet [724], DeeperLab
[752], AdaptIS [580], Panoptic-DeepLab [104], EfficientPS [481], and LPSNet [262],
are ensembles of existing instance segmentation (like Mask R-CNN) and semantic
segmentation architectures (like DeepLab) and fuse their results directly. Later, CNNs
adopted unified architectures that concentrated on determining the most effective ways
to partition ”things” and ”stuff” together. DR1Mask [69] proposed a novel dynamic
convolutional module called dynamic rank-1 convolution to merge high-level context
information with low-level detailed features. Panoptic FCNs [390), [389] generated kernel
weights for each entity that fused dual information from position and kernel heads.
Then, each generated kernel can locate and predict both ”things” and ”stuff” entities
directly on high-resolution feature maps from the encoder. In addition, ViTs have
adopted convolution operations for panoptic segmentation [88, 22] [877]. Panoptic
Segformer [400] decoupled queries into "stuff” and ”things” groups and inserted extra
location information into ”things” queries only. Then, it proposed a unified mask
decoder to predict panoptic segmentation for two query groups. kMaX-DeepLab [774]
replaced the computationally intensive computation of key-query correlation with a
simple k-means clustering, thereby improving the efficiency of panoptic segmentation.
Panoptic-partformer[382] B83] formulated panoptic segmentation and part segmentation
as a unified mask prediction and classification problem. Moreover, hybrid architectures
have attracted research interest in panoptic segmentation [382, 281]. CNNs can
integrate attention mechanisms to model long-range object relations. Axial-DeepLab
[655] introduced position-sensitive self-attention into CNNs and designed axial attention
to reduce computational complexity. EPSNet [60] introduced cross-layer attention
to generate dynamic prototypes to represent different entities and predict semantic
and instance masks separately. Max-DeepLab [654] was the first end-to-end model. It
proposed path-transformer architectures and directly predicted class-labeled masks
for ”stuff” and ”things” entities. CMT-DeepLab [772] built upon the Clustering Mask
Transformer and viewed both ”stuff” and ”things” entities as cluster centers, generating
pixel affiliation with cross-attention mechanisms. Mask-DINO[369] extended DINO

[808] with a mask branch and unified panoptic segmentation with object detection.

D. Universal Image Segmentation

Developing a generic framework to partition images into multiple perceptual levels
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, . metric #Params
Model Dataset | Year | Publication GFLOPs .
(%) (M)
FCN[444] 2015 | CVPR 29.4 178 134
U-Net[551] 2015 | MICCAIL 33.9 65 31
ONN RWN[35] 2017 | CVPR 37.2 210 141
G-CRF[58] 2017 | ICCV 37 92 37
=) DeepLab-v3+[78] 2018 | PAMI 44.1 255 63
'7‘2 HRNet-v2[657] 2020 | PAMI 49.2 695 65.9
= Light-Ham[T93] 2021 | ICLR 51.5 71.8 61.1
2 Segmenter [595] v 2021 | ICCV 53.6 380 307
g ViT XciT[6] S 2021 | NeurIPS 48.4 200 32
g SegFormer-B5[712] E 2021 | NeurIPS 51.8 84.0 183
g0 SegViT-v2*[800] < 2022 | LJCV 55.7 308.8 234
< TransKD* [432] 2024 | ITSS 50.7 12 80
E NL*[678] 2018 | CVPR 44.7 300 54
g DANet[184] 2019 | CVPR 45.3 250 69.0
2 Hybrid OCRNet[784] 2021 | LJCV 48.0 260 71.0
HMANet* [494] 2021 | TGRS 44.2 180 55
MaxViT-L*[632] 2022 | ECCV 51.1 245.4 212
Semask[294] 2023 | ICCV 53.5 356 212
YOLACT[39] 2019 | ICCV 29.8 45.1 30.8
& | TensorMask[94] 2018 | CVPR 37.3 71.6 44.7
£ | SOLO[679] 2019 | ICCV 40.5 172.2 50.7
¢ | SOLO-v2[680] 2020 | NeurIPS 41.7 190.3 63.7
o S | PointRend[33]] 2020 | CVPR 36.3 284.9 46.7
<fg . DeepSnake[513] 2020 | CVPR 30.3 24.8 21.5
= (Z) Mask R-CNN[245] 2017 | ICCV 38.5 266 44.4
£ % | PANet[433] o 2018 | CVPR 42.0 286.8 49.1
£ £ | HTC[74] g 2019 | CVPR 41.2 324.6 58.3
g § BlendMask|[70] O 2020 | CVPR 41.3 256 42.4
& + | CondInst[622] E 2020 | ECCV 39.1 185 38.5
‘g Refinemask[804] 2021 | CVPR 41.5 360 61.2
% CenterMask-Lite[360] 2020 | CVPR 38.3 24.6 96.9
g Conformer [516] 2021 | ICCV 40.74 457.7 56.9
- Hybrid DAT-B[707] 2022 | CVPR 45.8 1003 145
MaxViT-B[632] 2022 | ECCV 45.7 346.8 92.5
Mask-Transfiner[319] 2022 | CVPR 41.6 326.7 62.5
Biformer-B[86T] 2023 | CVPR 43.7 245.3 58.7
Panoptic FPN[328] 2019 | CVPR 58.1 275 63.0
AdaptIS[580] 2019 | ICCV 59.0 76.4 32.6
ONN Panoptic-DeepLab[104] 2020 | CVPR 63.1 144.9 44.3
LPSNet[262] 2021 | CVPR 61.9 80 18.9
—~ Panoptic FCN[389) 2022 | PAMI 61.4 213.0 62.5
g Mask-Pyramid [708] 2024 | Sensors 65.2 215 49.2
g kMaX-DeepLab[774] 2022 | ECCV 68.4 285.0 54.1
= Panoptic-Segformer[400] 2 2022 | CVPR 65.1 205.0 62.6
g ViT Center-Trans[22] % 2023 | Electronics | 65.3 428 72.0
éﬂ Panoptic-partformer[382] @ 2022 | ECCV 64.7 249 56
2 Pix2Seq-D[88)] 5 2023 | CVPR 64.9 1120 78.0
9 PanSR|877] 2024 | arXiv 67.1 305 54.8
§“ Axial-DeepLab[G55] 2020 | ECCV 62.1 55.6 178.5
£ EPSNet[60] 2020 | ACCV 60.8 98.7 24.3
Hybrid Max-DeepLab[654] 2021 | CVPR 63.5 214.0 360.0
: CMT-DeepLab|[(72] 2022 | CVPR 67.8 238 48.1
Mask DINO[369] 2023 | CVPR 64.6 987.3 72.5
BEE-Net [28T] 2024 | ICRA 65.0 305.7 45.3

Table 2.2: A comparative analysis bgtween different models on segmentation
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ADE20K COCO COCO | #Params

Model Year | Publication mloU(%) | mAP(%) | PQ(%) (M)

K-Net[322] 2021 | NeurIPS 50.6 40.1 48.3 56.3

— § Mask2Former[I05] | 2022 | CVPR 56.1 50.1 57.8 216

2 = SEEM870] 2023 | NeurIPS - 46.3 56.1 40.0
£ £ | ViT+Hybrid | OneFormer[293] 2023 | CVPR 58.1 49.2 58.0 223
Dg §D DaTaSeg|208] 2023 | NeurIPS 54.0 - 53.5 -
o3 DFormer[653] 2023 | arXiv 48.3 44.4 52.5 44
ViT-P[566] 2025 | arXiv 58.6 49.5 58.0 309

Table 2.3: A comparison of universal segmentation models.

(e.g., scene, object, part) has recently become an active research area [710]. Compared
with the task-specific framework, the generic framework must define a common entity
representation and a universal pixel-level classification process shared across semantic,
instance, and panoptic segmentation tasks within a single model. As for CNNs with
attention mechanisms, K-Net [822] adopted a group of learnable kernels as the common
entity representation, where each kernel can dynamically update meaningful groups
conditioned on the input image. Therefore, K-Net allows contextual information to
flow among kernels via multi-head attention and establishes a one-to-one mapping
between dynamic kernels and entities, generating one mask per potential ”things”
or "stuff” partition. As for ViT-based approaches, many researchers are developing
unified frameworks that use learnable embeddings (also called queries) and cross-
attention to integrate entity representation, long-range entity relation inference, and
pixel-wise classification. MaskFormer [106] introduced a set of mask embeddings
associated with a global binary prediction for each entity. Mask2Former [TI05] proposed
masked cross-attention for a new architecture capable of addressing universal image
segmentation. OneFormer [293] proposed a task-conditioned joint training strategy that
enables training on ground truths of each domain (semantic, instance, and panoptic
segmentation) within a single multitask training process. Integrated a task token
into the task-conditioned prediction head, OneFormer can support multi-task training
and inference based on the given task. DFormer [653] viewed the universal image
segmentation task as a denoising process using a diffusion model. By adding Gaussian
noise at various levels to ground-truth masks, DFormer used the noisy masks as inputs
and gradually learned to predict denoising masks using a diffusion-based decoder.
SEEM|R76] proposed a promptable and interactive model for segmenting everything
everywhere all at once in an image. It used a text encoder to encode text queries
and mask labels into the same semantic space. Dataseg|208] trained a universal multi-
dataset multi-task segmentation model with a shared representation between mask

proposals and class predictions for all tasks. ViT-P[566] introduced a novel two-stage
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segmentation framework that decouples mask generation from classification for accurate
mask classification, especially in the presence of ambiguous boundaries and imbalanced

class distribution.

Evolution trends and practical deployment gaps

The evolution of image classification models follows a clear trajectory from pure CNNs
to Vision Transformers and, finally, to hybrid architectures, driven by the need to
balance local feature extraction with global context modeling. Early CNNs excelled
in efficiency and translation equivariance but struggled with long-range dependencies.
ViTs introduced global attention for superior context capture, but at a high computa-
tional cost and substantial data consumption. Hybrid models have primarily combined
the convolutional inductive bias with the attention mechanism’s flexibility, achieving
state-of-the-art accuracy with manageable FLOPs. However, key deployment gaps
remain: (1) efficiency—accuracy trade-off for lightweight models (MobileNetV3, Effi-
cientViT) that sacrifice accuracy for speed, limiting their use in high-stakes applications;
(2) hardware optimization for many hybrid designs that are not yet optimized for mobile
or edge deployment due to irregular memory access patterns; (3) generalization under
domain shift of models trained on curated datasets (ImageNet) that often degrades in
real-world noisy environments. Future work must focus on hardware-aware co-design

and dynamic inference to adapt the computational cost to the input.

2.4.2 Object Detection

As a fundamental task in computer vision, object detection is the key block for more
complex tasks such as autonomous driving [428] [872] [762] [588], robotics [740, 426, [231],
surveillance [59], pose / behavior estimation [375 269 842], etc. The core difficulty in
object detection is processing two distinct sources of information: spatial information
(the location of each target object) and appearance information (the pattern of each
object for category classification). Compared to image classification, object detection
operates at a regional level, where each object is localized with a bounding box. This
approach bridges the gap between semantic segmentation (pixel-level) and instance
segmentation (instance-level), simplifying the task by avoiding pixel-wise annotations.
Although regional representations require fewer parameters and simpler annotations for
training, this comes at the cost of reduced spatial exclusivity across different instance
regions. The compromise means that bounding boxes may overlap in crowded scenes,

leading to ambiguities in instance separation. In this subsection, we introduce the
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development of generic object detection and then elaborate on one specialized sub-task,
small object detection. We summarize the key models for generic and small-object
detection in Table [2.4] for easier comparison.

Generic object detection

Generic object detection has been an active research area in computer vision for
several decades, aiming to detect a broad range of general categories [429]. Although
many traditional algorithms have been proposed to address the challenging problem,
deep learning techniques have obtained significant attention for learning feature rep-
resentations automatically from data, further advancing the development of object
detection.

At an early stage, CNNs, as powerful tools for automating feature learning, have
been a major focus of research aimed at addressing the core difficulty of object detection:
how to represent spatial and appearance information. Then, set loss functions are used
to solve the many-to-one mapping problem, assigning each ground-truth object to the
most likely candidate among many others. Around the representation schemes, CNN-
based detectors were organized into two main categories: two-stage frameworks extract
different information sequentially, while one-stage frameworks represent features in
parallel. The two-stage methods consist of two sub-networks. The former sub-network
represents spatial information as regional proposals, e.g., using RPN (region proposal
network), and the latter extracts appearance information within each region. The
two-stage methods can generate sparse proposals flexibly because RPN over-samples
only the potential regions and ignores the rest, thereby achieving high precision on
average. Sorted by release time, two-stage CNNs mainly include R-CNN [196], SPP-Net
[247], Fast R-CNN [197], Faster R-CNN [545], ION [31], HyperNet [334], R-FCN [126],
FPN [414], DCN [127], Mask R-CNN [245], ZIP [371], Light R-FCN [398] and Cascade
RCNN [503], [49]. Alternatively, the one-stage method employs a unified regression
framework. Each position in the generated feature maps encodes spatial coordinates
(e.g., bounding boxes) and appearance information (e.g., class probabilities). Therefore,
it utilized a grid structure where each grid point serves as an anchor corresponding to
a potential object, resulting in dense predictions. Due to the shared feature maps, the
one-stage methods have lower computational complexity in resource-limited scenarios.
The one-stage CNNs mainly include MultiBox [164], DetectorNet [609], OverFeat [565],
AttentionNet [767], YOLO [540], G-CNN [488], SSD [436], DSSD [181], RON [333],
YOLOv2 [541], STDN [853], FSSD [402], RefineDet [820], RFBNet [434], YOLOv3
[542], CornerNet [346], CenterNet [160], FCOS [623] and other improved YOLOs
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[446, [409] 224, 279, 38|, 295, [649] [647]. However, CNN-based detectors cannot solve
the ambiguities in bounding box assignment. Some post-processing steps, such as
non-maximum suppression (NMS), must be applied during inference to eliminate
false-negative candidates near each true positive.

Later, the attention mechanism was explored in object detection, as query em-
beddings can be object proposals that efficiently combine spatial and appearance
information. Therefore, attention mechanisms can capture long-range interactions
among potential object proposals and infer complex contextual patterns across different
images. However, the pure ViT-based detectors have obtained limited research interest
because their characteristics are less effective for object detection. Specifically, the
patch tokenization process cannot provide sufficient and precise object proposals. At
the same time, the plain and non-hierarchical architecture cannot generate multi-scale
features to handle diverse shapes and sizes [659]. YOLOS [I76] adapted its patch
tokenization process to provide sufficient Det-Tok that are learnable query tokens
for object binding. Moreover, CSWin Transformer [154] and ViTDet [387] explored
hierarchical structures to generate multi-scale feature maps.

Hybrid architectures that combine CNNs and ViTs have recently emerged as the
primary research direction for improving object detection performance [825] 633]. The
hybrid frameworks can be grouped in two ways: (a) ViT backbones are incorporated
with various CNN detection heads (e.g., Mask R-CNN [245], Cascade R-CNN [49],
FCOS [623]) to perform object detection. ViT-FRCNN [30] added a ViT-based
backbone to a Faster R-CNN object detector for better generalization ability. Similar
to FPN [414], FPT [803] combined a non-local network with multi-scale features, while
PVT [673], 674] introduced a high-to-low resolution process into RetinaNet [554] to
improve detection performance. Moreover, Swin Transformer [441], SwinV2 [440],
ViL [816], and Focal Transformer [747] constructed a local-to-global combination to
efficiently extract both local and global dependencies with less computational overhead.
(b) CNN backbone with ViT-based decoder [844] [462]. DETR [53], as a pioneer for
transformer-based detectors with CNN backbones, defined a small fixed number of
static learnable embeddings (called object queries) and adopted cross-attention to
learn long-range dependencies between queries and feature maps. By using set loss
functions for object prediction, DETR eliminated traditional handcrafted components,
such as RPN and NMS post-processing. The following research aims to improve
DETR/’s convergence speed, computational complexity, and other aspects. ACT [844]
adopted a locality sensitivity hashing (LSH) method to cluster the query features for

a lower computational burden adaptively. Inspired by deformable convolutions [127],
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Model Dataset | Year | Publication n(lo/lt f GFLOPs #P(?\I[?)Lmq
CenterNet [160] 2019 | ICCV 47.0 - -
g | FCOS[623] 2020 | PAMI 44.7 - -
£ | RepPoints-v2[96] 2020 | NeurIPS 49.4 - -
¢ | EfficientDet[613] 2020 | CVPR 52.6 - -
S | PP-YOLOE[735] 2022 | arXiv 50.9 110.1 52.2
Z, YOLOv10[647) 2024 | NeurIPS 29.5 160.4 29.5
% Faster RCNN[545] 2015 | NeurIPS 42.7 - -
% | Mask RCNN[245) 2017 | ICCV 37.1 63.8 248.0
g £ | poNp27] 2017 | ICCV 37.5 - 49.5
ﬁ g Cascade RCNN[49] 2018 | CVPR 42.8 257.0 87.1
b < | Dynamic RCNN|[809] 2020 | ECCV 49.2 - -
e Sparse RCNN[G03] 8 2021 | CVPR 51.5 - -
.E, YOLOS|LT6] 8 2021 | NeurIPS 42.0 538 127
o CSWin[154] 2 2022 | CVPR 48.7 526 97
£ ViT ViTDet[387] 2022 | ECCV 58.7 3600 692
= Swin-v2[440] 2022 | CVPR 56.4 1043 160
5 DINOI[R08] 2023 | ICLR 63.2 860 218
ViT-Adapter[I0T] 2023 | ICLR 52.1 - 158
DETR/[53] 2020 | ECCV 44.9 253 60
FPT[R03] 2020 | ECCV 42.6 88.2 346.2
Hybrid Focal Transformer|[747] 2021 | NeurIPS 49.0 533 110
Deformable DETR[S70] 2021 | ICLR 46.2 173 40
Swin-ACMix[506] 2022 | CVPR 51.1 754 58
Next-ViT-L[373] 2022 | arXiv 48.0 391 77.9
Polardet[839] 2021 | LJRS 76.6 - -
& | R®Det[753] 2021 | AAAI 71.9 264.2 37.8
£ | S2ANet[222] 2021 | TGRS 74.2 287.0 39.7
é’ GWD[754] 2021 | ICML 76.3 336 41.9
e KLD[755) 2022 | PAMI 7.3 336 41.9
gz KFIoU[750] 2023 | ICLR 74.2 287.0 39.7
g g O-RCNNI7IR] 2021 | ICCV 76.3 199 41.1
B % | ReDet[223] 2021 | CVPR 76.3 - 31.6
2 £ | CrARTS] & 2021 | CVPR 76.7 - -
2 S AOPGI[IOT] o 2022 | TGRS 75.4 - -
8 < | ARC[524] A 2023 | ICCV 7.4 - 74.4
= PKINet-S[48] 2024 | CVPR 78.39 70.2 30.8
Ua) o ViTDet[387] 2022 | ECCV 744 502 103.2
b RVSA[650] 2023 | TGRS 81.2 414 114.4
= ViTDet-OBB[659] 2023 | IGARSS 75.7 - -
+ AO2-DETRI[128] 2023 | CSVT T - -
E Strip R-CNN[783] 2025 | arXiv 80.6 52.3 13.3
LSKNet[397)] 2025 | IJCV 81.6 161 31.0

Table 2.4: A comparative analysis between different models on detection.

Deformable DETR, [870], and DINO [808] introduced deformable self-attention that
samples on a sparse set of significant positions across all scales, reducing computational
complexity. TSP [606] and SMCA [I89] explored accelerating the convergence by

improving the cross-attention mechanism. Conditional DETR [472] proposed a spatial
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prior, called conditional spatial embedding, to narrow down the valid search range
for localizing distinct regions. Efficient-DETR [764] introduced an additional region
proposal network into the detection pipeline as a dense prior to improve initialization.
Anchor DETR [682] replaced object queries with anchor points to predict multiple
objects at one position and proposed a variant of attention for lower computational
complexity. Different from the DETR series, Pix2Seq [89] is a generalized Transformer-
based framework that uses a quantization and serialization scheme to convert bounding
boxes and class labels into a sequence of discrete tokens. Diffusion efficiently represents
potential candidates of small objects without handcrafted anchors in a one-stage
framework equipped with dynamic anchors [814, 173, [438]. DiffusionDet was the
first work to introduce diffusion models into object detection. It used a forward
diffusion process to generate normalized box coordinates from Gaussian noise and
adopted cross-attention blocks to learn how to predict high-quality boxes by denoising

iteratively.

Small Object Detection

Small object detection (SOD)E| [108] is a specialized object detection task that gains
increasing popularity due to fast-growing data acquired from drone-view images, re-
mote sensing satellite images, High-altitude surveillance images, and high-throughput
microscopy images [458]. In addition to common difficulties in generic object detection,
SOD has demonstrated unique challenges: (1) Image acquisition from high altitudes
generates high-resolution images due to the wide-angle lens, causing computational
difficulty in a detector [49], especially on mobile devices; (2) Fitting large data in
detectors with down-sampling operations inevitably deteriorates representation de-
tails of small-sized objects; (3) The aerial viewed images are characterized severely
uneven information densities because overcrowded objects normally occupy a minor
proportion, imposing another request of efficient detection on key regions [421]; (4)
Complicated situational factors, such as occlusion, background clutter, and various
lighting conditions, further aggravate detection precision. Therefore, generic detectors
cannot locate and classify small objects, which are typically densely packed in images,
without dedicated adaptation. To tackle the dilemma between information density and
efficiency, many works aim to restore missing information about small objects, focus on
crowded regions, and extract long-range contextual information among objects. The
Focus-and-Detect approach [745] [159], 336] was a two-stage framework that found the

crowded regions and restored the missing information with super-resolution techniques

31n this task, the term small can be defined by thresholds of area [416] or length [751, [776].
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[505L 137, 29, 192]. Another line of one-stage detectors fused feature maps at different
scales to enhance the representation of small objects [97, 527, 199] 26T, [744]. In addi-
tion, attention mechanisms have been introduced into SOD detectors for complicated
context modeling [388], [182], 449, 283], (535 447, [427]. Most recently, diffusion models
have been introduced to efficiently represent potential candidates for small objects
without handcrafted anchors [677, [658].

Evolution trends and practical deployment gaps

Object detection has evolved from two-stage CNN frameworks (e.g., Faster R-CNN) to
one-stage anchor-free models (e.g., YOLO, FCOS) and recently to Transformer-based
detectors (e.g., DETR). The shift reflects a trade-off between precision and inference
speed, with one-stage models favoring real-time performance and transformers offering
end-to-end training without handcrafted components. For small object detection in
aerial /remote-sensing imagery, multi-scale feature fusion and attention mechanisms are
critical, yet they increase computational cost. Deployment gaps include: (1) scalability
on high-resolution images for costly dense prediction; (2) robustness to occlusion and
scale variation, especially in crowded scenes; (3) integration with downstream systems,
e.g., autonomous driving, requires low latency and high reliability, which current
detectors struggle to guarantee simultaneously. Future directions could emphasize
efficient multi-scale attention, diffusion-based refinement, and real-world robustness

testing beyond standard benchmarks.

2.4.3 Image Generation

Image generation [162] [798] [307] refers to using algorithms to create or synthesize new
images from scratch or by modifying existing ones. These algorithms learn from a large
dataset in a generative manner, since they have to approximate the distribution of the
dataset and output new, realistic, and detailed images from generated samples. As a
result, the learning algorithms can capture patterns within the dataset and combine
them to create new feature representations for data generation. It is a prominent field
in computer vision and artificial intelligence, in which models generate realistic or
stylized images that may resemble photographs, art, or imaginative scenes given specific
input conditions. The primary goal is to generate images that appear authentic or
fulfill a specified criterion, often mimicking real-world data distributions. This section
primarily focuses on technique development for generating super-resolution images

with enhanced quality and for translating images across different styles.
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Image Super-Resolution

Image super-resolution (SR) [71l, [419] B61] is an upsampling technique in computer
vision that increases the number of pixels for a high-resolution (HR) image based on
a given low-resolution (LR) input, as depicted in Figure The goal is to analyze
the contextual information surrounding observed pixels in an LR image and identify
interpolation patterns to fill the unknown details between upsampled pixels in an
HR image. SR is valuable in medical imaging, satellite imaging, and surveillance,
where high-quality images are crucial for analysis and interpretation. In recent years,
we have witnessed remarkable progress in image super-resolution using deep learning
techniques. Initially, CNNs brought a breakthrough in SR by automating feature
extraction from data and serving as discriminative models that directly learn LR-to-HR,
mapping functions, using two different architectures: interpolation-based and sub-
pixel-based methods [686]. Interpolation-based approaches seek to identify patterns
within a local region and interpolate a new pixel as a weighted sum of the surrounding
feature vectors. Some SR models [152] [32T], [322] [405], 273] combined static upsample
interpolation with a stack of convolutions to decompose a learnable interpolation
into static upsampling and learnable adjustment. In addition, transposed convolution
(a.k.a deconvolution [794] [793]) is another learnable upsample method for SR models
[466), [153], [6241, T2, 227] [230], [188]. On the contrary, the sub-pixel-based methods [572]
learn to encode the local patterns into feature channels and decode the local information
from feature channels for new pixel reconstruction. Due to its end-to-end upsampling
nature, the sub-pixel method is widely used in SR models [4], [812] [833] [344], [648)].
Later, generative CNNs were developed to solve the SR problem. Starting with
Generative Adversarial Networks (GANs), CNNs integrated adversarial training to
directly learn to generate realistic textures and finer details for HR images. SRGAN
[352] integrated sub-pixel modules into GAN-based architectures for better visual
quality. Other variants [681) 8 [57 [378] combined different learnable upsampling
methods with GANs and designed new architectures to improve SRGAN. Most recently,
Diffusion models have been used as alternatives in generative CNNs for SR image
generation [5611 [548], B70] [787, [684].

Instead of using each pixel as input, ViTs take patches (a set of pixels) as input
and introduce an attention mechanism to capture long-range dependencies in images,
allowing models to focus on both global and local features for super-resolution. As
a discriminative model, TTSR [746] treated LR images and reference images as the

query and key, respectively, and adopted a hard-attention module to match relevant
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Bicubic Regression Reference

Figure 2.8: Image Super-Resolution learns to compensate for the missing details for better
visualization. The image example is cited from SR3 [561]

textures between the reference and low-resolution images using a transformer. IPT
[67] proposed a multi-task architecture based on ViTs pre-trained on large datasets,
including super-resolution. DPT [843] proposed a dual-path transformer to capture
spatial and frequency domain information for improved SR. ESRT [450] introduced
a light ViT for SR with less computational complexity. Some research focuses on
improving the computational efficiency of local window-based self-attention. SwinlR
[403] adapted the Swin Transformer for image SR by focusing on local and global
feature extraction. Uformer [685] proposed a LeWin Transformer block that performed
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non-overlapping window-based local self-attention to reduce computational cost on
high-resolution feature maps. HAT [92] integrated channel attention into window-based
self-attention to activate more input pixels for better reconstruction. Additionally,
generative ViTs adopted GANs [358], 490, 536, [T90] to connect a ViT generator and a
ViT discriminator for adversary learning to generate high-quality SR images.
Recently, hybrid methods that combine the strengths of CNNs and transformers
have been applied to image SR. The CNNs with attention mechanisms learn to select
the most relevant pixels in a non-local scope to reconstruct more coherent interpolations.
SelNet [ITI] proposed a Selection-Unit to attend to relevant information and filter
out the irrelevant for the latter SR reconstruction. RCAN [832] integrated channel
attention to highlight significant feature channels for HR image generation. DNLN [72]
integrated a deformable non-local attention with a multi-branch weighted feature fusion
for better capture pixel-wise correlations, long-range self-similarities, and multi-scale
semantic combination. In addition, the hybrid GANs that integrate convolution with
ViTs [456, [625], 84T, 27] have demonstrated outstanding performance on SR image
generation. SWCGAN [631] adopted GAN architectures to connect a local attention-
enhanced CNN generator and a pure Swin Transformer [441] based discriminator for
adversarial training. Similarly, SRTransGAN [24] designed a generator that combined
PVTv2 [674] with sub-pixel methods and adopted a pure ViT as the discriminator.

Evolution trends and practical deployment gaps

Image SR has progressed from CNN-based interpolation to GAN-driven perceptual
enhancement (SRGAN, ESRGAN) and Transformer-based methods (SwinIR, HAT)
that model long-range texture dependencies. CNNs are efficient and easy to deploy,
but often produce overly smooth results; GANs improve visual realism but introduce
training instability and artifacts. Transformers capture global patterns better but
are computationally intensive, especially for high-resolution outputs. Hybrid designs
(RCAN, DNLN) combine channel attention with non-local mechanisms to balance
quality and speed. Deployment gaps are pronounced in real-time video SR and
mobile applications, where memory and latency constraints are severe. Lightweight
SR networks sacrifice some reconstruction fidelity for speed, highlighting the trade-off

between perceptual quality, inference time, and hardware compatibility.

Image-to-Image Translation

Tmage-to-image translation (I2I) is a generative task in computer vision that involves

learning a mapping between a source distribution and a target distribution for domain
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transfer, as depicted in Figure 2.9} It can be applied to various applications, such as
style transfer. To train generative models, deep models, i.e., CNNs, ViTs, and hybrid
architectures, have evolved from GANs to Diffusion models. CNN-based GANs were
initially the primary approaches for 12l tasks due to their ability to automatically
capture local patterns from images with convolutional operations and build a mapping
between different domains with adversary training: Pix2Pix [290], CycleGAN [860],
UNIT [431], DiscoGAN [323] and MUNIT [282]. Alternatively, CNN-based Diffusion
models [492] [165] adopted diverse samples through iterative refinement, simplifying
the training process of 121 tasks other than the GANs: SDEdit [471], Palette [560],
BBDM [362], and DiffT21 [704]. ViTs have enabled global dependency modeling for 121
tasks that involve complex, non-local transformations, such as large structural changes
or style modifications. GAN-based ViTs designed both generators and discriminators
with pure visual transformers and integrated attention mechanisms into the adversary
training: TransGAN [310], Styleformer [699], StyTr2 [141], StyleSwin [799], VITGAN
[210]. Additionally, there are a few Diffusion-based ViTs that find a mapping between
two different Markov chains [705]: IPT [67], StyleDiffusion [687], DiT [512) [840], MDT
[191], unidiffuser [25], DVT [221], DIFFIT [233]. Moreover, some researchers try to
integrate the strengths of CNNs and ViTs into 121 tasks. The hybrid generative models
equipped with GANs and Diffusion models learn to map the source and target domains:
UVCGAN [625], TransWeather [636], and ITTR [848].

Evolution trends and practical deployment gaps

Image generation has progressed from CNN-based GANs to Transformer-driven gener-
ative models and diffusion paradigms. GANs offer high-quality synthesis but still suffer
from training instability; diffusion models provide stable training and fine-grained
control but are computationally intensive. ViT-based generators (StyleSwin, Trans-
GAN) enable long-range coherence but require substantial memory. Hybrid approaches
balance local texture details with global structure. Key deployment challenges are: (1)
inference latency for diffusion models that require iterative sampling, limiting real-time
use; (2) resource demands on high-resolution generation that are prohibitive on edge
devices; (3) generalization to unseen styles/domains that models often overfit to training
data distribution. Practical deployment in fields like entertainment necessitates model
compression, distillation to lightweight generators, and efficient sampling algorithms to

bridge the gap between quality and speed.
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Figure 2.9: Image-to-Image translation learns a mapping between a source distribution
and a target distribution for domain transfer. The image example is cited from [860].

2.4.4 Universal Models

The development of universal models paves the way for Artificial General Intelligence
(AGI). It is no longer merely a tool for achieving higher accuracy on benchmarks for
specific tasks but has become the foundational engine for constructing generalist visual
Al This pursuit of universality, while computationally intensive, is unlocking new

frontiers in model capability for important but challenging domains.

Large-Scale Visual Foundation Models

These large-scale visual foundation models have proven effective in specific challenging
domains. A compelling research thread involves adapting SAM variants to maneuver the
challenges of scarce annotation in weakly-supervised settings. WS-SAM [235] leveraged
SAM by using sparse annotations as prompts to generate pseudo segmentation masks
of concealed objects. In order to improve mask quality, WS-SAM integrated a multi-
scale feature grouping technique with other strategies to tackle the intrinsic similarity
challenge. Furthermore, SEE [230] extended the WS-SAM to exploit the SAM for
camouflaged object segmentation with incompletely annotated data. Most recently,
SCALER [239] presented a unified collaborative framework that jointly optimizes a
mean-teacher segmenter and a learnable SAM2 for label-deficient concealed object
segmentation. This evolution, from WS-SAM (utilization) through SEE (distillation)
to SCALER (collaboration), has demonstrated a clear development trajectory in

which a general-purpose foundation model (SAM/SAM2) can be progressively and
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deeply integrated to solve domain-specific problems with increasing sophistication and

performance.
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Figure 2.10: Left: Overview of OmniMedVQA dataset[274], which covers the majority
of radiology modalities and anatomical regions of the human body. Right: Illustrations of
samples from five different medical question types.

Multiple Modal Models

The transition from single-modal to multi-modal foundation models marks a critical

phase in the evolution of General Artificial Intelligence. By transcending the confines

of research benchmarks, these models demonstrate their paramount importance as ver-

satile core technologies across diverse domains. Their ability to process and synthesize

heterogeneous data streams is fundamentally reshaping methodologies and enabling

novel solutions to complex real-world problems.

Vision-Language Models

The practical applications of Visual-Language Models (VLMs) are extensively demon-
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strated by their zero-shot prediction capabilities across a wide spectrum of visual
recognition tasks. The foundational model CLIP established the paradigm, achieving
remarkable zero-shot accuracy on diverse image classification datasets, ranging from
general benchmarks like ImageNet [I38] to fine-grained tasks such as Stanford Cars
[339] and Oxford-IIIT Pets [509]. Beyond image-level recognition, subsequent VLMs
have been successfully adapted for more complex dense prediction tasks. For instance,
models like GLIP [376] and DetCLIP [760] enabled zero-shot open-vocabulary object
detection by aligning region proposals with text descriptions. In contrast, methods such
as GroupViT [732] and SegCLIP [451] extend this capability to semantic segmentation
by matching text embeddings with pixel or segment features. Furthermore, VLMs
facilitate zero-shot image-text retrieval and have been evaluated on action recognition
datasets such as UCF101 [589], thereby demonstrating their broad utility as general-

purpose visual recognition engines.

Emotion Recognition Models

Building on the foundational cross-modal alignment principles of visual-language models,
the multi-modal paradigm has been profoundly applied in the field of human—machine
interaction. Significant advancements have been made in one important cross-modal
application, i.e., emotional analysis, that integrates diverse data sources, such as speech,
text, and images. Early explorations focused on novel fusion mechanisms, such as tensor
decomposition [669], and brain-like hierarchical perception networks [866] to integrate
visual, acoustic, and textual cues. The pursuit of robustness has become a central
theme, leading to architectures such as the Robust Adversarial Fusion Transformer
(RAFT) [668] for sentiment analysis and to frameworks employing random modality
dropout [828] or contrastive learning [709] to mitigate negative information and handle
incomplete data. Recent trends emphasize deeper contextual and generative modeling,
as evidenced by works on contextual interaction based analysis [666] and methods that
integrate audio-visual text generation with contrastive learning [667]. The state-of-
the-art further incorporates diffusion models [868] and end-to-end systems [864], while
practical deployment is explored through client-server recognition systems [867]. This
concentrated research effort, as summarized in key reviews [865], demonstrates how
multi-modal foundation models are specifically engineered to tackle the complexities of

human emotion analysis across diverse and challenging real-world contexts.
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Evolution trends and practical deployment gaps

The rise of large-scale foundation models (DINOv2, SAM) and multi-modal systems
(CLIP, VLMSs) marks a shift from task-specific models to general-purpose visual intelli-
gence. These models excel in zero-shot transfer and open-vocabulary understanding but
require substantial computational and data resources. While VLMs enable semantic
grounding across vision and language, their size limits on-device deployment. Trade-offs
involve scale vs. accessibility (since foundation models are powerful but require cloud-
level resources), and generalization vs. specialization (since they may underperform in
niche fields without fine-tuning). Deployment gaps include: (1) memory and latency,
which make running billion-parameter models on edge devices infeasible; (2) privacy and
data governance, which raise concerns in sensitive domains when centralized training is
used; (3) energy consumption, which conflicts with sustainable AI goals. Future efforts
could prioritize modular, scalable architectures, federated learning frameworks, and

efficient cross-modal distillation to make universal models practical for widespread use.

2.4.5 Medical Data Analysis

Beyond generic vision tasks, deep learning has also revolutionized domain-specific
applications, such as the medical field. Medical data analysis is one of the most
important Interdisciplinary tasks, since it enables automated decision-making processes,
such as disease diagnostics, treatment planning, and prognosis. Formally speaking,
each decision-making process is a multi-modal task that fuses information from visual
data (e.g., pathology staining and radiological images) and sequential data (e.g., clinical
details, biomarkers, protein sequences, and medical history) to support quantitative
analysis. Precise and thorough panoptic segmentation of a medical image is key to
scene understanding, as it facilitates the representation of each entity separately. It
is the first step for multi-modal tasks, but has attracted less attention than instance
segmentation, and has recently gained increasing attention in medical image analysis.
Moreover, a central challenge in designing medical Al systems lies in the architecture
of multi-modal models, which must integrate diverse data sources to extract richer and

more robust feature representations.

Image Segmentation

CNN-based segmentation for medical image analysis mainly focused on feature fusion
from different branches due to the failure to represent concepts efficiently [140] [725].

Liu et al. [424] combined an auxiliary semantic segmentation branch with the instance
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branch to integrate global and local features to enhance nuclei segmentation. PFFNet
[423] incorporated the global-level semantic with local-level instance features and
proposed a mask quality sub-branch to align the semantic and instance predictions.
Panoptic Lintention Network [465] provided a comprehensive understanding of the
environment of individuals with visual impairments in healthcare. Additionally, ViT-
based instance segmentation models have been the primary options due to their
attention mechanisms. Cell-DETR [521] adapted from the DETR for cell instance
segmentation and achieved state-of-the-art performance from microscopy imagery.
Medical Transformer [635] explored transformer-based solutions and proposed a Gated
Axial-Attention model by introducing an additional control mechanism in the self-
attention module. Verma et al. [644] explored self-training strategies for panoptic

segmentation and implied their potential enhancement for medical image analysis.

Medical Vision-Language Models

Medical Vision-Language Models (MVLMs) [797, 275], 274] are advanced Al systems
that combine visual and textual medical data to perform complex tasks such as medical
report generation (MRG) and Medical Visual Question Answering (MVQA), as shown in
Figure These models have to understand medical data and generate corresponding
textual descriptions. Beyond merely image captioning, MRG has evolved to generate
descriptive reports from input visual and textual data automatically. Initially, MRG
models combined different branches to process visual and textual data separately: CNN-
RNN architectures [313] [395] [778, [766] and CNN-Transformer architectures [593, [491].
Later, knowledge graphs [425] 831] were adopted to represent heterogeneous data across
modalities. Most recently, Transformer-based models [482] [617) 619, [RT9, [I71] have
been the most popular solutions. MVQA [272] can answer questions about medical
images based on understanding both the visual content of the image and the natural
language question. Likewise, MVQA models initially combined two branches: CNN-
RNN [504] and CNN-Transformer [646, 280] 401], and later adopted transformer-based
architectures [489] [780].

Evolution trends and practical deployment gaps

Medical vision has evolved from CNN-based segmentation to Transformer-enhanced
models and multi-modal systems. These advances improve accuracy and enable report
generation, but they face unique domain constraints: limited annotated data, high
reliability requirements, and multi-modal integration. Hybrid CNN-ViT models balance

local anatomical detail and global context, yet they struggle with interpretability and
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robustness to rare pathologies. Deployment gaps are pronounced: (1) clinical validation
that models rarely undergo rigorous real-world trials; (2) integration with hospital IT
systems, where data privacy and interoperability are major hurdles; (3) computational
resources that high-resolution 3D medical images demand GPU clusters, limiting
point-of-care use. Moving forward, the field ought to invest in explainable hybrid
architectures, federated learning for data privacy, and lightweight, domain-specific

compression to transition from research prototypes to trusted clinical tools.

2.5 Discussions and Conclusion

Given the rapid evolution of hardware performance, deep learning models are and will
be a hot topic in computer vision due to their competitive performance and tremendous
potential compared with other machine learning approaches. To harness the power of
deep learning models, as summarized in this survey, many methods have been proposed
in recent years. These methods perform well across a range of visual tasks, including
image classification, object detection, and image generation. Nevertheless, the potential
of deep learning models for computer vision has not yet been fully explored, and both

challenges and prospects remain.

2.5.1 Discussions

Thanks to automatic data fitting and generalized inference, deep learning models
have transformed many computer vision tasks. Despite their successes, they still have
considerable room for improvement, especially in more complex real-world scenarios. As
deep learning evolves, it is crucial to incorporate novel ideas into deep learning models,
especially in interpretability, data efficiency, multi-modal understanding, and scalability,
making it a powerful tool for future AI applications. To address the aforementioned

challenges, future research should focus on the following directions.

Improving Data Efficiency and Annotation Scarcity

The performance of all deep vision models, from CNNs to large-scale foundation models,
remains intrinsically linked to the volume and quality of annotated data—a major
bottleneck in data-scarce domains. While self-supervised learning (SSL) paradigms,
exemplified by DINO, have made significant strides in learning transferable represen-
tations from uncurated data, they often demand vast computational resources. The

integration of generative models, particularly Diffusion Models, offers a transforma-
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tive complementary path. Future research could move beyond using these models in
isolation and develop synergistic frameworks in which diffusion models generate high-
fidelity, task-aware synthetic data or feature augmentations to robustify the training of
discriminative CNNs, ViTs, and hybrids. Furthermore, unifying the principles of SSL
with the generative capabilities of diffusion processes could lead to next-generation pre-
training paradigms that learn compressed, semantically rich world models from minimal

supervision, drastically reducing annotation dependency for downstream adaptation.

Enhancing Model Interpretability and Trustworthiness

As architectures grow in complexity—from attention maps in ViTs to dynamic pathways
in hybrid or Mamba-based models—their opacity deepens, eroding trust in safety-critical
applications like medical diagnostics. Merely visualizing attention weights or activation
maps provides post-hoc insight but seldom explains causal reasoning. A promising
frontier lies in embedding explainability directly into the model’s architecture and
training objective. Deep Unfolding Networks (DUNs) provide a foundational blueprint
in which each network module corresponds to a step in an interpretable optimization
algorithm. Extending this principle, future architectures could be designed to have
inherently interpretable latent spaces, or by integrating differentiable probabilistic
graphical models that enforce causal structure. For large foundation models, developing
rigorous concept-based explanation methods that align internal representations with
human-understandable concepts is crucial. Ultimately, trustworthiness will be achieved
not by adding external explanation tools, but by co-designing models whose decision-
making processes are transparent and aligned with domain-knowledge constraints by

construction.

Achieving Real-World Robustness and Generalization

A significant gap persists between benchmark performance and reliability in dynamic,
open-world environments, where models have to face unforeseen distribution shifts,
adversarial perturbations, and novel object configurations. Architectural hybrids
of CNNs and ViTs aim to balance local invariance and global context for better
generalization, but they lack formal robustness guarantees. The strategic incorporation
of multi-modal knowledge, particularly from Vision-Language Models (VLMs), offers
a powerful regularizing force. Semantic constraints from language can ground visual
predictions and help reject nonsensical adversarial outputs. Future research could focus
on developing tightly coupled, efficient vision-language systems where a compact, task-

specific vision model (CNN/ViT /hybrid) is continuously guided by the semantic and
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commonsense knowledge of a (potentially frozen) large VLM. Furthermore, simulation-
to-real and test-time adaptation techniques must be advanced to enable models to
continuously self-correct and adapt to novel environments, leveraging principles derived

from foundational pre-training, moving from static models to adaptive visual agents.

Exploring Design Paradigm for Efficiency

The pursuit of efficiency must evolve from applying isolated compression techniques
post-hoc to embracing a holistic efficiency-by-design paradigm across the entire stack,
encompassing everything from training dynamics to inference latency. While Neural
Architecture Search (NAS) and compression techniques such as pruning and quanti-
zation are essential, they must be deeply integrated and hardware-aware. For hybrid
CNN-Transformer or State Space Model (SSM) based models, this means developing
NAS frameworks that can co-optimize architectural partitioning (e.g., deciding where
to use local convolution or global attention) alongside compression strategies and
deployment target constraints (e.g., memory bandwidth, parallel computing). The
next generation of efficient models will likely be dynamic and conditional, activating
different computational subgraphs based on input complexity. Research could therefore
develop unified frameworks that jointly search for optimal architectures, their optimal
compression profiles, and their dynamic inference policies, yielding a portfolio-optimal

spectrum of models for diverse real-world constraints rather than a single point solution.

From Static Deployment to Adaptive Edge Ecosystems

The final translational challenge is deploying capable models in heterogeneous, resource-
constrained, and dynamic edge environments. Current deployment typically involves
distilling a large model into a smaller, static network, which becomes brittle under
changing conditions. The future lies in adaptive edge ecosystems. The adaptation
requires models, particularly efficient hybrids, to be endowed with context-aware
adaptive inference capabilities, i.e., dynamically adjusting their depth, width, or
even architectural pathways in response to real-time metrics such as battery level,
computational load, or perceived task difficulty. Furthermore, the rise of foundation
models presents a new opportunity: edge devices could run a highly compressed,
task-specific model while occasionally querying a cloud-based foundational model for
complex, out-of-distribution inferences, creating a collaborative hierarchy. Advancing
federated learning frameworks to support the continuous, privacy-preserving fine-tuning
of these adaptive models across devices will be critical. The ultimate goal is to transition

from deploying static models to cultivating intelligent, collaborative, and self-improving
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visual perception networks at the edge.

Ethical Considerations for Deep Learning Models

Beyond technological advances, the widespread deployment of deep learning systems
in real-world applications necessitates consideration of ethical issues, since decisions
influenced by AI can have profound consequences for individuals and communities in
high-stakes environments. Key concerns include algorithmic bias, which can perpetuate
or even amplify societal inequalities; privacy risks arising from data collection and
model inference; and a lack of transparency that undermines trust and accountability.
As large-scale foundation models become increasingly integrated into daily workflows,
ethical considerations collectively implicate their deployment in sensitive domains such
as medical diagnostics and surveillance, thereby making addressing ethical dimensions
a fundamental prerequisite for responsible use. International organizations E| assemble
guidelines for responsible use that developers and users of deep-learning frameworks
should take notice of and include in their line of work. Promising research directions
for mitigating ethical risks include developing fairness-aware algorithms, adopting
privacy-preserving learning paradigms, e.g., federated learning and differential privacy.
In addition, and very importantly, is the endeavor to enhance model interpretability
to ensure that decisions are both reliable and accountable. As researchers continue
to push the boundaries of model performance, we suggest that parallel efforts would
be directed toward understanding and addressing the ethical dimensions of deploying
these systems in practice. We encourage the community to engage in interdisciplinary
discussions that bridge technical robustness and ethical responsibility, ensuring that
deep learning technologies evolve into positive and productive forces that serve society
equitably and responsibly.

2.5.2 Conclusion

In conclusion, this survey has articulated the trajectory of visual recognition from
dedicated CNNs to general-purpose Transformer-based foundation models, highlighting
the convergent trend toward hybrid architectures that leverage complementary inductive
biases. We have contextualized these core advancements within a broader package
of efficiency, distillation, and generative enhancement techniques. The path forward,
however, is not merely one of incremental architectural refinement. The next leap

in computer vision will be driven by integrative research that crosses the boundaries
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among data efficiency and generation, performance and interpretability, and isolated
model design and adaptive system deployment. By addressing the interconnected
challenges of data scarcity, opacity, fragility, inefficiency, and rigidity through a holistic
lens, the field can advance toward building robust, trustworthy, and universal visual
intelligence that operates reliably in the complexity of the real world. The convergence
of architectural innovation, learning paradigms, and systems-aware co-design will define

the next era of discovery in computer vision.
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Chapter Summary

The rise of attention mechanisms in computer vision has improved state-of-the-art
performance and advanced network design. Originating in Natural Language Processing
(NLP), attention mechanisms, including self-attention and cross-attention, effectively
capture long-range dependencies between pairs of elements without regard to distance.
Generally speaking, most existing attention modules can be roughly reformulated as
either K-Means or K-NN clustering. K-Means style attention, maintaining clustering
centers as global queries, favors building explicit feature spaces for closed-form vision
tasks (e.g., semantic segmentation). In contrast, K-NN style attention, by generating
dispensable clustering centers as dynamic queries, facilitates implicit feature spaces
for open-form vision tasks (e.g., object detection and instance segmentation). In
this chapter, we propose a variational Gaussian model mixture embedded attention
(VGMEA) module to interpret cross-attention as a generalized probabilistic K-Means
clustering approach. The VGMEA module also integrates geometrical regularization
into cross-attention to improve the cross-class decision boundary based on non-local

spatial dependencies.

Keyword: Probabilistic Inference  Variational Bayes  Attention Mechanism K-

means Clustering
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3.1 Introduction

The ability to effectively capture long-range dependencies across multiple scales is
considered a crucial factor in improving the performance of deep neural networks across
various tasks, from academia to industry. Traditionally, recurrent operations [558], [205]
are the most widely used approach for modeling long-range dependencies in sequential
data (e.g., speech and language). In contrast, large effective receptive fields formed
by deep stacks of convolutional operations [186] [658] are the dominant approach to
modeling long-distance interactions for spatial and temporal-spatial data (e.g., images
and videos). However, a single recurrent or convolutional operation can only capture
short-term relationships within a local neighborhood, either spatially or temporally.
Therefore, capturing long-range dependencies can be approximated only by a chain of
repeated operations, in which short-range signals are progressively propagated through
each node.

Apparently, a long chain of repeating local operations has several limitations.
First, approximating one operation through a chain will cause optimization instability
that needs to be carefully addressed by some tricks, including dropout [258], residual
shortcut [248]. Second, propagating signals step-wise along the chain is computationally
inefficient. Finally, their perplexing computational graphs are too heavily weighted to
be used as modules in other networks to model multi-scale dependencies, e.g., when
messages must be communicated back and forth between distant positions at different
scales. Therefore, attention mechanisms are operations designed to alleviate the
aforementioned limitations. Those operators are more efficient in capturing long-range
dependencies between pairwise positions.

Attention mechanisms have been a key component widely applied to improve the
performance of deep neural networks on challenging visual datasets [138] [166], 416, [849]
123]. According to different purposes [214], attention mechanisms can be classified as
channel attention [268| 665, [528], spatial attention [806], 53], [156], temporal attention
[749,[5] and branch attention [97] [807]. Among these variants, some researchers [496] [44]
explored the unified patterns to guide new attention mechanisms. All this work supports
the idea that attention can enhance informative features, suppress irrelevant ones, and
improve the learned feature representation by precisely modeling correlations between
pairwise positions.

Compared to the significant enthusiasm for designing attention mechanisms, only
a few works focus on their interpretability. Some relevant work [678], [379) [715], [773, [663)

has partially explained why attention modules can highlight informative channels
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and /or regions. However, there is still no systematic framework for categorizing these
variants. The attention mechanism can be revisited as mapping a query and a set
of key-value pairs to an output. The output is computed as a weighted sum of the
values, where the weight of each value is computed by a metric function between the
query and the corresponding key. If regarding the query as a cluster center, then the
attention mechanism can be understood as computing distances from the center to
corresponding keys in one vector space while outputting a center of values in another
vector space. However, allowing keys and values in different feature spaces actually
hinders a systematic top-down viewpoint from interpreting all attention variants.
Considering values are linear transformations from keys (as most variants adopted),
we make a rational constraint that values would be mapped onto the same vector
space as keys. Therefore, an attention operation can be analogized as one step of
updating/shifting the old center (i.e., query) to a new center, depicted in Figure
Hereafter, one attention module, i.e., a stack of attention operations, can be interpreted

as a clustering process with corresponding steps.
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Figure 3.1: It is a straightforward visualization of an attention mechanism that maps a
query and a set of key-value pairs to an output. Blue squares denote the input key-value pairs.
The green circle is the input query, while the black circle is the output. In addition, the red
edge between a blue square and the green circle represents the vector distance. Therefore, the
attention mechanism can be interpreted as shifting the green circle forward to the black circle
determined by all pairwise distances.

The top-down viewpoint is beneficial for applications since it can provide theoretical
evidence to select suitable modules for different scenarios. Depending on the implemen-
tation, attention modules can be reformulated as two clustering processes: K-means
and k-nearest neighbors (k-NN). Assume that there is a feature space that contains all
input feature vectors. The K-means style attention [806] 879 [784) [654] [T05], [773] aims

to capture globally shared information across all input feature vectors by intentionally
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smoothing E| out their local/individual details. Subsequently, the smoothed part of
all feature vectors will span an embedded subspace, which can distill the common
information that exists among those features. Therefore, we argue that K-means
attention is a suitable tool for closed-form classification problems, e.g., semantic seg-
mentation, because all common information can be captured by an adequate number
of centers progressively during the training stage. In contrast, the k-NN style attention
[642] [678], [66, 870, [663], [855] focuses on finding subtle differences among a set of feature
vectors that are already close to each other. In other words, all old centers only com-
pute vector distances against their corresponding k closest neighbors within relatively
narrow ranges, and arbitrary new unique centers will be determined conditioned on the
inputs. Therefore, we argue that k-NN attentions are efficient tools for non-closed-form
classification problems, e.g., object detection/instance segmentation, since the number
of objects can vary across inputs, while delicate details must be well distinguished
between objects within the same classes.

In this chapter, we are mainly interested in K-means attention and focus on
analyzing the learnt embedded feature spaces of deep learning models in semantic
segmentation problems. We rethink the K-means attention modules from a varia-
tional Bayes (VB) perspective [629] and propose a novel attention module, namely
variational Gaussian mizture model embedded attention (VGMEA). The graphical
model of VGMEA, depicted in Fig. [3.2h] is a generalization of the classical Gaussian
mixture model (GMM) [467] in computer vision (shown in Fig. [3.2a)) since more regu-
larization terms can be added through the variational parameters ¢,,. Intuitively, the
VGMEA is a flexible linear superposition of Gaussian components, aimed at providing
a richer class of density models with latent variables. The latent variables can be
interpreted as attention maps that compute the response at a position as a correlation
with all Gaussian centers. The set of positions can be in space, time, or space-time,
implying that our models apply to images, sequences, and video problems. Unlike
the other attention modules that compute derivatives with respect to parameters for
backpropagation, we apply the VB algorithm to update distribution parameters using
a momentum-based moving average. In this setting, the VB algorithm encodes all
the available information about the model parameters in their posterior distribution.
Given the current parameters, VB minimizes the evidence lower bound (ELBO) to
alternatively approximate the posterior distribution of latent variables and update
variational parameters. After convergence, the output can be computed as the new

centers weighted by the final attention maps.

Iremoving, so-called denoising, highly varying information, and keeping common features.
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Introduction

O |©

e First, we interpret attention mechanisms as shifting the old centers among

keys toward new centers among values. Moreover, K-means attention modules
are reformulated as structured probabilistic graphs that use variational Bayes
algorithms to iteratively update their parameters. Our model can effectively distill
global shared information from feature maps and communicate these messages

back and forth between distant positions at different scales.

Second, we build our K-means attention as a light-weighted module for deep
neural networks, and set up a momentum-based moving average strategy for
model parameters’ maintenance and normalization. Complicated regularization
terms, e.g., total variation, are incorporated to control message passing among

features of different scales.

Third, extensive experiments are conducted on four challenging semantic seg-
mentation datasets, including PASCAL Context, Cityscapes, MS-COCO, and
ADE20K, demonstrating that the proposed model can interpret many other
state-of-the-art methods as specific instances. The proposed model is generic in
multi-scale attention learning and achieves competitive performance compared
with state-of-the-art methods.

|

g (1)

N N
(a) GMM (b) VGMEA

Figure 3.2: The directed acyclic graphs represent the mixture of Gaussian models. The box
(plate) denotes a set of N i.i.d. observations and latent variables. Each node of x, in blue
is an observation. Meanwhile, (u, C) denotes a set of K model variables, where p denotes
{pr} and C denotes {Cy}. (a) Classical GMM corresponds to an observation with a latent
variable z, and a variational variable ¢,,. z, comprises a K binary vector that represents
the correlations between position n and K centers. It is determined by a Dirichlet, ¢, is a
K-Dimensional real vector on a decision surface that can integrate geometrical regularization.
(b) Our VGMEA corresponds to an observation with a latent variable z, and a variational
variable ¢,. z, comprises a K binary vector that represents the correlations between position
n and K centers. Moreover, ¢, is a K real vector on a decision surface that can integrate
geometrical regularization.

94



Chapter 3. Semantic Segmentation

There are several advantages of using VGMEA models: (a) VGMEA can be easily
combined as non-parametric modules in the end-to-end training of existing neural
networks, due to self-updating parameters via the VB algorithm, adding no extra
derivatives to the computational graphs; (b) since decoupled from the computation
graphs, VGMEA supports flexible inner designs, e.g. adopts non-differentiable distri-
butions or changes the number of iterations, that will not affect the original model
architectures; (¢) VGMEA is light-weighted and achieve their best results with only
few parameters; (d) VGMEA supports high resolutions of the variable input sizes
with relatively low computational complexity. We conduct extensive comparisons with
baselines to demonstrate that different modules can be generically interpreted as specific
instances of our proposed framework. Moreover, comprehensive experiments across
multiple public datasets clearly demonstrate the performance of the derived methods.
To summarize, the contribution of this chapter is the following: The remainder of the
chapter is organized as follows. Section [3.2] introduces all related work. In Section
we illustrate the proposed framework and its interpretation, and in Section 3.4
we present our model in detail. In Section we demonstrate the performance of
the model, including comparison experiments, experimental evaluation, and analysis.

Finally, the conclusion and future follow-up research are presented in Section [3.6

3.2 Related Work

3.2.1 Variational Bayesian methods

Variational Bayes (VB), also called Variational Inference or Variational Approximation,
is a family of graphical models for approximating intractable distributions arising in
Bayesian inference. The node set typically consists of observed variables (i.e., data)
and unobserved variables (i.e., parameters and latent variables), while the edge set
represents various sorts of dependencies among all variables. VB can be seen as an
extension of the expectation-maximization (EM) algorithm that upgrades maximum a
posteriori (MAP) estimation to fully Bayesian estimation. Instead of performing point
estimation on each parameter, VB computes an analytical approximation to the entire
posterior distribution of unobserved variables. The approximated distribution, called
the variational distribution, is usually a factorization of the true posterior distribution.
Each factor can be restricted to a family of distributions with a simpler form at the

cost of cutting off some edges. To increase approximation precision, extra variational
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parameters are subsequently attached to factors, model the missing dependencies,
and are absorbed into each corresponding factor [I95]. VB optimizes the evidence
lower bound (ELBO) to alternatively recognize the variational distribution and update
parameters. Although VB is scalable to large data sets and applicable to inferring
complex models with a large number of parameters, it has not been widely used in the
deep learning community because a large number of trials is often required to find a
suitable factorization. If the variational distribution has been determined, VB produces
locally optimal but exact analytical solutions at a faster rate than sampling methods,
e.g., Markov Chain Monte Carlo (MCMC) and Sequential Monte Carlo (SMC). Our
VGMEA model introduces a set of extra variational parameters to support complicated
regularization terms, e.g., total-variance, to force attention maps to be smooth and
compact. Moreover, the proposed model adopts local variational methods [37] to ensure
that the posterior distribution is the conjugate of the prior distribution. In other words,
the Bayesian update of our approach can be safely reformulated as an incremental
mini-batch update, which better aligns with deep neural networks and achieves fast and
stable convergence. Besides, VB can derive a lower bound for the marginal likelihood
of the observed dataEL which is typically used as a metric to select among models. The
general idea is that a higher marginal likelihood of a model indicates a better fit to the

data and, subsequently, a greater probability of generating the data [443].

3.2.2 Clustering Algorithms

Clustering methods aim to group a set of objects so that objects in the same cluster are
more conceptually similar to each other than to those in other clusters. A feature vector
represents each object to describe its task-specific attributes, while the conceptual
similarity is quantified as a spatial distance between feature vectors by a given metric.
Based on the distance function, all feature vectors are mapped onto a feature space,
depicted in Figure [3.3p. Clustering methods are simple yet general algorithms that can
be applied to arbitrary feature spaces to distinguish groups of concepts. According to
different viewpoints, there are mainly two categories of clustering approaches: k-nearest
neighbors (k-NN) and K-means-style clustering methods.

K-NN style clustering is a family of bottom-up algorithms with two hyperpa-
rameters. One hyperparameter controls the search scope, while the other determines
the fusion thresholds. Given two parameters, the approach directly uses the original

feature vectors and computes a center for each object among corresponding nearby

2sometimes called the evidence, i.e., the marginal probability of the data by performing an integral

over unobserved variables
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Figure 3.3: A visualization of clustering algorithms. There are 8 feature vectors, divided
into 2 parts, each with an index. The lower part represents common information, and the
upper part represents individual information. Different colors of features indicate greater
distance in the feature space. Therefore, the first 4 feature vectors are from one class and the
rest from the other. Moreover, every 2 feature vectors from one object. (a) k-NN clustering
directly uses the original feature vectors and assigns each point to its 3 nearest neighbors.
Through subtle differences between the individual information, 2 dots belong to one center; (b)
All feature vectors are mapped as blue dots onto feature space; (¢) K-means clustering divided
each feature vector into two parts. The lower parts (i.e., common information) are projected
onto an embedding space. In contrast, the upper parts are discarded into a null space. 2 global
centers for 2 classes are obtained via significant differences between the common information.

objects, depicted in Figure[3.3h. In other words, k-NN style clustering highlights subtle
differences among spatially close features and computes adaptive centers for each input
feature. Notably, some centers can be very close to each other. When pairwise center
distances are below a given fusing threshold, those centers will be regarded as duplicates
and fused. Therefore, the effective number of centers depends on the input features.
In contrast, K-means style clustering is a family of top-down algorithms with
a single hyperparameter: the number of centers. Given the number of centers, the
method decomposes the original feature space into a null space and an embedding
space. The embedding space contains common information, whilst the null space
contains the neglected (also called noise). Subsequently, centers are computed within
the embedding space, depicted in Figure [3.3. Therefore, K-means clustering targets
significant differences among the common parts and shares centers for all input features.
In summary, K-means style clustering can distill globally shared information, but
k-NN style clustering can focus on locally subtle information. Although they are
interchangeable in many application scenarios, we argue that K-means style clustering

is more suitable for semantic segmentation, and K-NN style clustering for object
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detection/instance segmentation. Indeed, K-means can increase the number of centers
for object-level clustering, but it is inefficient and will fail when objects are dense
[725]. Likewise, k-NN can expand its search scope to find common information, but its

variable clusters might be under- or over-clustering of semantic concepts.

3.2.3 Attention Mechanism

Attention mechanisms, first as self-attention, originated from natural language process-
ing (NLP) for sequential data (e.g., speech, language) [642], and then were generalized
as a non-local operator [678] for spatial (e.g., image) and temporal-spatial data (e.g.,
video). Thanks to capturing long-range dependencies between pairwise positions,
self-attention has achieved promising results on vision-related tasks, including image
retrieval [74] [I75], image classification [33], [601] 508, 285, [757, 453l 547], and visual
tracking [871]. However, self-attention uses a single feature map as input and computes
only long-range interactions within a single scale, thereby failing to capture broader
dependencies across feature maps at different scales. Therefore, cross-attention was
proposed by CrossViT [66], and includes self-attention as a specific instance. Cross-
attention takes two feature maps from multiple scales as inputs and computes long-range
dependencies across scales. This extension has further improved the performance on
visual tasks, including image super-resolution [486 296 129], semantic segmentation
[184, 287, [448], and instance segmentation [I77), 109, 209]. However, these attention
modules need to produce large attention maps, which, in turn, results in high compu-
tational complexity. The bottleneck lies in the fact that both the generation of the
attention map and its use are computed across all positions.

There are many improvements towards addressing the issue. EncNet [806] defined
k code-words and computed attention as Euclidean distances between input feature
maps and k code-words. EMA [379] reformulated attention as a reconstruction problem
and computed a more compact basis set via the expectation maximization algorithm.
OCRNet [784] simplified attention to a pure clustering with given learned segmentation
masks. Deformable attention [870] sampled at k learnable offsets, and computed
correlations between the center and its k selected neighbors. Mask2former [105] defined
k global queries, and computed attention as Cosine similarity between k queries and
the input key feature maps. Max-DeepLab [654] [773] conducted attention as a hard
assignment of k-means clustering. K-NN attention [663] adopted top k most similar
positions. Our model is a probabilistic model that can interpret K-means attention

modules as specific instances. Moreover, multi-head attention can be explained as
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independent block matrix computation, and the mini-batch training strategy can work

well with the Bayesian update in our model.

3.3 Variational Gaussian Mixture Embedded Atten-

tion

In this section, we introduce the variational Gaussian mixture embedded attention
(VGMEA) to interpret the attention mechanism in a probabilistic way. A VGMEA is
an unifying framework that can capture long-range information across scales, distill
global concepts, and compute a residual to highlight semantically oriented information.
Given multi-scale feature maps X = {X,}J ; that extracts from an input image
I € REXWX3 by a backbone network, where X, € R€*Ns is a feature map at scale s
with Ny = Hs x Wy spatial positions. We define the VGMEA as a mapping F': X — Y,
where Y € RN are enhanced and semantically oriented feature maps distilled from
semantic concepts.
VGMEA updates the following global information.

Semantic concept centroids:
p= (i}, e R
Semantic correlation matrix:
C c REXK
Scale-aware attention maps:
A={A, e RN
VGMEA outputs enhanced semantic-oriented feature maps Y € RE*V:
Y,=A,-C ' p+ X, (3.1)

where S, C, N, and K are the number of scales, channels, positions, and bases,
respectively. Noted that the multi-scale attention maps represent scale-aware concept

assignment.
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3.3. Variational Gaussian Mixture Embedded Attention

3.3.1 Problem Formulation and Notation

Denote © = {®,m, 5, W, v} as a set of learnable parameters in the VGMEA module
with an initial value ©g = {®g, mo, Bo, Wo, 1o }. Besides, (i, C) is the distilled global
concepts and Z = [Z1, Za, ..., Zk] is a latent random field to estimate the multi-scale
attention maps A for concept assignment. Specifically, each position of Z is a 1-of-K
vector Z, € {0,1} and satisfies Zszl Zy, = 1. Then, the probabilistic framework of the
proposed variational Gaussian Mixture model with geometric regularization

is defined as follows:

P@(X7Z7H7C) = P(X|Z7N,C) P@(Z> P@(N7C)

K
P(X|Z,[J,7C) == HN<Xn‘ukvc]:1)an

=1

=

3
Il
A
=~

F
N

I
g
)
=
>

5(¢n,k)zn’k . 5(—¢)n1k)1*2n,k

3
Il
-
E
Il

1

K
Po(p,C) = [[ N (mglm, (8- Cr)™") W(C|W, v)

k=1

where N(-) is a Gaussian distribution, W(-) is a Wishart distribution. In addition,
Po(Z) is a Categorical distribution with a normalization term F(®) and 4(:) is a
sigmoid function. Based on auxiliary ®, we can regulate the random field Z as a
smooth manifold and enforce P(X|Z, u, C) generating robust label affiliation A which

has continuity within semantic regions and sharp boundaries between.

3.3.2 Variational Bayesian Inference with Geometric Regular-

ization

Set Qo(Z, 1, C) = Qo(Z) - Qo(p, C) as a lower bound of posterior distribution. We
define T € {Z x p x C} as an infinitesimal variable in a Descartes product space. For

simplicity, we represents 7 =T\ S = {u x C}.

Variational Inference to Approximate Posterior Distributions

Denote the evidence lower bound (ELBO) as Kullback—Leibler divergence with an
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additive geometric regularization to measure the gap:

L(QIIP) = [ Qo(Z)Qe (1, C) In TgEZEEL AT + AReg(®) (3.3)

Noted that it is safe to ignore the geometric term when approximating the posterior
functionals because Reg(®) remains a constant during variational inference. Using
the definition of expectation and rearranging the order of integration, we obtain the

following two equations.

Po(X,Z,u,C
LQIIP) = [,Qe(Z) - [z Qo(p, C)n TS T d z

(3.4)
Po(Z)-exp{Ez[In P(X|Z,1,C)]}
x [,Qe(Z) - In—= P Bo ) B dz
where exp is an exponential function, and
Po(X,Z,u,C
L(QIIP) = [ Qe(1,C) - [, Qo (2) n T8 2L d zdT .
x 7 Qo(p, C) - In PelmCrepiEzln PX|ZON} 4
In order to minimize the gap, we have to solve the following equations:
Po(2) - exp{E;[n P(X|Z, p, C)I} _ ,
Qe(Z)
(3.6)
Pe(p,C) - exp{Bz[n P(X|Z,p, O)]} _
Q@(l"’v C)

Therefore, we obtain optimal functionals, where Con is a normalization constant for

probability functions.
Qo(2) = Po(Z) - exp{Ez[ln P(X|Z. 1, C)] - Con (3.7)

Qo(p, C) = Po(p, C) - exp{Ez[In P(X|Z, u, C)] - Con (3.8)
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3.3. Variational Gaussian Mixture Embedded Attention

Hereafter, we insert the previous probability functions into Eq[3.7 and Eq[3.8] Then

we recognize the approximate posterior function Qo(Z) as a Categorical distribution:

Q@(Z) - Hf’val Hle e{¢n,k+Erfv[lnN(anuk,Cgl)]}Zn,k ) Con

Pn.,k
N K
= [T IT/zi - Con
n=1 k=1
N K Zn,k
:HH< Pn,k ) (3.9)
n=1k=1 Zk 1Pk
—_———
Tk
N K
=TT
n=1 k=1
Hence, we have the standard result
Ez[Zn k] = ok (3.10)

Noted that each quantity 7, 1 is a part of the softmax functions and represents a soft
affiliation, which plays the role of responsibilities. Note that the optimal solution
for Qo(Z) depends on moments evaluated with respect to the distributions of other
variables. Therefore, the variational update equations are coupled and must be solved
iteratively. At this point, we shall find it convenient to define three statistics of the

observed data set evaluated from the responsibilities, given by

N
Ny = E Tk
n=1

Xi= *Zrn kXn (3.11)

nl

N
1 _ _
Sk = o § ot (X — X)) (X — X))
n=1
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Moreover, the variational posterior distribution Qe (i, C) is recognized as a Gaussian-
Wishart distribution:

Q@(“7C)

x Hf:1 N (ll'k|m7 (BCk)*l) . W(CHW, V) i Hfj:l e{]Ez[Zn,klnN(Xn\uk,,Ck*l)]}
(3.12)
o [Ty N (mglms (BCR) 1) - W(CWLv) - TLoy e - N (Xl g, O )

=TI, N (g, (BeCr)™Y) - W(Ck| Wi, 1)

where my, Br, Wi and v, are parameters for the posterior distribution. Based on the

momentum statistics, the optimal parameters can be updated as

Br = Bo + Ni
— Bomo + Ny Xy,
Bo + Ny (3.13)
Wk_l = W(;l + N,Si + M(Xk - mo)(Xk — mO)T
Bo + Nk,

v =1y + Ng

Geometric Regularization in Concept Space

In addition, our variational probabilistic model is flexible to integrate geometric
regularization terms @ for the regularity of the responsibility r, ;. For simplicity,
we integrate total variance (TV) as an example. Denote the likelihood function as
L(©,0*). Under the expectation conception, all hidden random variables become
constants. Therefore, the likelihood function only contains geometric regularization

parameters for optimization.

P@(Xa Z;l"v C)

dT + AReg(®
Q@* <Z7I'l’a C) g( )

£0.6") = [ Qo (Z.w.C)ln

T,k d)n,k +In (5(—(2571’]@) + )\Reg((bn,k) + Con.

I
WE

(3.14)

1
M= 1
M= I0

Tn,k ° d)n,k + ln(s(_d)n,k) + A |v5(¢n,k)| + Con.

3
Il
_
E
Il

1
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3.3. Variational Gaussian Mixture Embedded Attention

Where Con. contains other irrelevant model parameters. Then we compute the deriva-

tive and set it to zero:

8L(@7 9*) - d [Tn,k : ¢n,k + ln 5(_¢n,k) + /\ N |V(5(¢n,k)|]

8¢”7k B d¢n,k
=7Tngk — 0(dnk) + X0 (dpk) - div( Von )
|v¢n,k
(3.15)

=Tnk — 5((25”’]@) + A 5/(¢n,k) *Rnk

=0

It is a difficult differential equation to solve. However, we can follow the routine of

the level-set method that sets 2£(©:971) _ fd(g"”“

T . Then we have a momentum-based

update equation:

d b
ﬂ - 6(¢n k) —Tnk — A 6,(¢n.k)"<‘n k
dt ’ / Rt
softmax (316)
— ¢f:_kl = (b’lt’L,k? + Vi 5(¢n,k) - Tnk =A 6/(¢n,k)’in,k
sigmoid smoothness

where Vt > 0 is a scaling factor to update the manifold surface and \ is a weight for
smoothness regularization. Noted that the geometric regularization introduces smooth-
ness into the softmax responsibility function and generates light-tailed distributions.
It is beneficial to generate piece-wise smoothing label affiliation maps for r,, x, i.e.,

consistent assignment within each semantic region with sharp interval boundaries.

3.3.3 Cross-Attention as Concept Distillation

Modern vision transformers implement a cross-attention module as a series of blocks.
Each block adopts a residual structure and updates the query once. Hence, the entire
cascade cross-attention module performs a unified formulation for iterative concept

refinement. Given query features Q € RNe*C | key features K € RV+*C | and value
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features V. € RV#XC | the iterative residual formulation can be reformulate as:

QWKT
Vs ) v

Q(l+1) — Q(l) + VQ(Z)

VQ(Z) = softmax <
(3.17)

where [ represents the block index. This operation can be interpreted as a mean-shift
process that sequentially computes the query shifts VQ and updates the query using a
momentum update with even weights 1.

The proposed VGMEA generalizes the mean-shift process as a joint probabilistic
model and interprets it through EM algorithms:

E-step (Assignment): r(l) =Ez[Z, k]
M-step (Update): p,](cH_l) = u,il) +nXg (3.18)
C(H‘l) C(l) +nSk

where Ez[Z, ] is the expectation of the approximated posterior distribution. 7 is the
momentum update factor. X and Sj are sampled mean and correlation estimated

from responsibility 7, , respectively.

Method ‘ Assignment

‘ Update
r,j:T(qu) ‘H]:I/VZ‘XJ+qj7CjEI

Correspondence

=W, Xj =2 g(@i), 6 =0

‘ Non-local* [678]
‘ EncNet[806]

=T (E_Skudww) po = h(rij-dij), C; =1

EMANet[379] rij=" (67(11*Q7)"'C] 1(1,707)) p;=X;,C;=S5;

‘ OCRNet[784] Tij =My ‘ n=X;,C =1 = my e, ¢ =0

‘ kMax-DeepLab[T73] | r;; = arg max(q;k!) ‘ =g+ X;,Cj=1 n= Sorig i, ¢ =0

‘ MaskFormer [106] rij = Y(gikT) ‘ wi=qi+X;,C;=1 n=1, =31 v, ¢ =0

‘ Mask2Former [105] ‘ ri; = Y(apk? + M;) ‘ ;=g +X;,C;=1 ‘ n=1,X;=3ri; v, i =M;

Table 3.1: Special Interpret SOTA models as VGMEA Instances. (1) Non-local[678] is
implemented as the cross-attention and g(-) denotes transformation function. (2) Y(:) =

softmax(-), m;, denotes a semantic segmentation prediction from a sub-network. (3) h(-)
denotes Batch Normalization with ReLU activation and d;x = x; — qi. (4) k(z,y) =
fi(@)T f2(y) where f1(-) and fa(-) are two transformation functions. (5) M; is the binarized

output of the resized mask prediction, D*(x) =« - 2*.

To demonstrate generalization, we analyze a few state-of-the-art models as special
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cases of VGMEA and organize them in Table We observe that all methods set the
correlation matrix C to the identity matrix, except EMANet, suggesting that semantic
centroids are orthonormal. Furthermore, none of the methods can support geometrical
constraints to further sharpen cross-class decision boundaries, except Mask2Former.
More specifically, Non-local[678] is a generalized K-means clustering algorithm that
allows transformations between different feature representations. However, it cannot
be stacked to update semantic concepts p due to its high computational complexity.
In addition, EncNet[806] defined a global semantic codebook and computed cross-
attention by averaging the residuals between the input features and the codebook. The
averaged residuals are interpreted as context encoding to guide semantic segmentation,
suppressing absent classes. Nevertheless, EncNet cannot extract sample statistics
X from the input feature maps and therefore fails to adapt the context encoding
to the input. In contrast, EMANet[379] only considers sample statistics and sample
correlation, resulting in vulnerability to the batch size and data noise. In contrast,
OCRNet [784] is an amortized K-means clustering algorithm that relies heavily on
predicted semantic segmentation masks to compute the statistics X. It used X as
dynamic queries to compute cross-attention. However, its bottleneck is the quality of
mask prediction and the batch size. kMax-DeepLab[773] follows the conventional K-
means clustering algorithms and adopts hard assignment to compute sample statistics
X. MaskFormer[I06] is a simplified version that does not use geometrical constraints to
ensure cross-class decision boundaries. Likewise, Mask2Former [106] adopts amortized
constraints represented as binarized mask predictions. In summary, our VGMEA is
a generalized probabilistic framework that can accommodate a wide range of cross-

attention mechanisms.

3.4 Implementation Details

3.4.1 Online Bayesian Updates for Batch Processing

Deep learning pipelines process data in mini-batches. However, traditional EM requires
full-dataset iterations, making it incompatible with stochastic optimization. Therefore,
we reformulate VGMEA with the Bayesian formula to support incremental/iterative
updates.

Given a dataset of M independent batches X = {By, Ba, ..., By} and any mini-
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batch B;, the probabilistic model is equal to a chain of conditional distributions:
Po(X,Z,u,C) = Po(X\ B, B, Z, n,C)
= Po(Bi, Z,p, C|X \ B;) - P(X \ B;)
= Po(Bi|Z,p,C, X\ B;) - Po(Z, u, C|X \ B;) - P(X \ B;)
x Po(B;|Z,1,C, X \ B;) - Po(Z. 11, CIX \ By) o
~ Po(Bi|Z, 1, C, X \ B;) - Po(Z|X \ B;) - Po(p, C|X \ By)

= Po(Bi|Z, 1, C, X \ B;) - Q4™ (2) - Q4™ (u, C)

where ngl)(Z ) and ngl)(p, C) are the approximated variational posterior distri-
butions based on an arbitrary subset of the dataset. Thanks to the conjugate priors
Q(t 1)( Z) and Q(f 1)( ,C), the generative distribution can be approximated as a
VGMEA at any bipartite dataset. Formally, the VGMEA can adapt the EM algorithm

into an online update scheme to compute the posterior distribution:

P@(X \ BiuBi7Zal'l’7 C)
P(B;)

P@(X \ Bi7Z7IJ’7 C|BZ) =

x Po(Bi|Z, 1, C, X \ B;) - QL™ (2) - QU™ (u, C) (3.20)

~ Qg (2)-Q3) (1. 0)
with conjugate priors
Pe(Bi|Z, 1, C, X \ B;) ~ N (s, C)
&Gk, ) ~ N (), (8071 ) o (WD) (3.21)
6 (Zox) ~ Cat(dn )

Therefore, we can formulate the standard incremental update rules for the VGMEA.
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Let (NIEB)7 XIEB), S,(CB)) be sufficient statistics at mini-batch B:

8-S
i€B
Z T kX

s (3.22)

S = S S (- 51 (- %)

k i€B

N(B)

Therefore, the model parameters @ = {my, 8x, Wy, v} can be updated as:

5](:) _ B](Ct—l) JrN}gzs)
I(Ct_l)ml(:—n +N’£B)Xél§)
6}(:71) +N1§B)

ml®

(3.23)
(t)y—1 _ (t—1)y—1 (B) q(B) 51: Y kB) (t 1)
(W) =W )+ NS+

0 = 7 L N

_ _ T

where eg_l) = (X,E,B) — mg’_l)> (X,E,B) — mg’_l)> . We have reformulated the EM
algorithm to support mini-batch style based on the variational inference with Bayesian
update formula. It implies the existence of a firm mathematical foundation for adapting

large probabilistic models to deep learning models without losing generality.

3.4.2 Adaptions to Deep Learning

For efficiency and stability, we have adapted VGMEA for deep learning models.

Streaming update with Smoothing

To mitigate batch-size effects, we employ streaming averaging to update the sufficient
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statistics: . 5
N]gt-‘r ) _ Nzit) JrN]g )

X =aX)? + (- )X (3.24)

S,(fﬂ) = ozS,Ef) +(1- a)S,(CB) + O(aQ)eg)

_NY 2y NOND o _ <f(t> B f(B>) (f(t) _ *(B))T
where o = N,(f)JrN,iB)’O(a ) = (N,i‘>+N,§5>)2 and ey’ = (X, X, X, X, .

Noted that our streaming method can always achieve stable states with arbitrary mini-
batch sizes, since (1—a) — 0 and O(a?) — 0 when N,gtH) accumulate to large numbers
with training process.

In addition, we introduce an extra momentum smoothing parameter v = 0.99 to

stabilize the early-stage training for convergence acceleration:
N}gt+1) _ 7N]StJrl) (1 ’Y)N;Et)
_ (b1 _
XY =X 4 (1 -9 X0 (3.25)

SI(cHl) _ ’VSJ(CHD + (1 . 7)SI(:)

Orthogonality Constraint

From the perspective of semantic segmentation, enforcing orthogonality among concept
centroids is well-motivated both theoretically and practically. The core justification
stems from the fundamental requirement that distinct semantic concepts should be
linearly independent in the feature space. The precondition means that the feature
representation of one class should not be representable as a linear combination of the
features of other irrelevant classes. Linear independence is a prerequisite for a model
to make unambiguous and confident predictions.

Orthogonality is a stronger and more desirable condition than mere linear inde-
pendence. By enforcing u;ruj ~ 0 for ¢ # j, we ensure that the learned semantic
concepts are maximally separable and reside in independent ranges of the feature space.
Orthogonality directly mitigates feature entanglement, a common issue where models
struggle to distinguish between visually similar classes. The orthogonality constraint
acts as a powerful regularizer, guiding the learning process towards a feature space
where the decision boundaries between classes are sharp and well-defined.

Computational advantages primarily drive the transition from encouraging lin-
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ear independence to enforcing strict orthogonality. From a probabilistic standpoint,
orthogonality allows us to make a critical simplification: it justifies the assumption
of a diagonal precision matrix C,;l. When concept centroids are orthogonal, the
covariances between different feature dimensions are minimized. Consequently, the
full Wishart distribution W(Wy, vk ), which governs the prior over the full precision
matrix, elegantly factorizes into a product of independent Gamma distributions for

each diagonal element Ag,:
K
P(Cy) = W(C; W, v) = H Gamma(Agm |km, Brm) (3.26)

This factorization improves computational efficiency in online Bayesian update for
posterior inference by replacing Gaussian-Wishart distributions with Gaussian-Gamma
distributions. The equivalence benefits the matrix inversion calculation for W,;l and
C,;l in the mini-batch EM algorithm. Compared to updating two full inverse matrices,
we can apply the reciprocal function only along all diagonal elements, reducing the

complexity from O(K?) to O(K). In practice, we enforce concept orthogonality via:

orth - Z |1u’z /j’J| + Z HC]G - dlag(ck)”F (327)
i#]

where diag(-) is a diagonal matrix. The loss function ensures that semantic concepts
are disentangled and that covariance matrices remain diagonal, thereby reducing
computational complexity. In summary, orthogonality is not merely a mathematical
convenience but also a structurally sound inductive bias for semantic segmentation.
It ensures the learning of distinct, disentangled semantic concepts while enabling a
highly efficient and scalable implementation of the probabilistic model by leveraging

the computational simplifications afforded by diagonal covariance matrices.

Amortized Geometric Constraints

The geometric constraints can be a computational bottleneck in the VGMEA model,
since iterative level-set ® calculations typically require more than 15 iterations to
converge from scratch for each new input, increasing training time by 50%. Therefore,
we adopt amortized variational inference (AVI) for geometric constraints, reaching
a balance between accuracy and speed. AVI amortizes the cost by finding an input-
dependent initialization rather than solving from ® = 0. We train a single, lightweight

neural network (the ¢-predictor) to directly predict a coarse $ from each input feature
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as a good start state. Only if the predicted P is very close to the optimum, a short,
subsequent refinement loop (e.g., 3 iterations instead of 15) is then sufficient to converge.
The strategy narrows the ”amortization gap” — the difference between the amortized
and iterative solutions. The predictor network can be extremely simple — often just
several convolutional layers. The setting requires a minimal number of parameters and
FLOPs while yielding substantial computational savings by drastically reducing the
number of refinement iterations. The forward pass of the predictor is computationally
cheaper than a long optimization iteration.

In conclusion, from an engineering standpoint, AVI can serve as a learning-based
approximation, a necessary architectural decision for deploying probabilistic models with
complex constraints in practical computer vision systems. It successfully transforms
an intractable, iterative inference problem into a tractable, feed-forward prediction
problem. The minimal sacrifice in theoretical purity and a negligible drop in final
performance are overwhelmingly justified by the orders-of-magnitude improvement in
inference speed, predictability, and scalability. It makes a powerful but computationally
intensive model like VGMEA feasible for improving attention maps, ensuring spatial

coherence and alignment with object boundaries.

3.5 Experiment

3.5.1 Dataset and Metrics

Dataset: We conduct comprehensive evaluations on four challenging semantic segmen-
tation benchmarks to assess the generality and robustness of our proposed method.
PASCAL Context[484] is a detailed scene understanding dataset built upon PASCAL
VOC 2010[167]. It provides pixel-wise semantic labels for the same images, extending
beyond the core object classes. The dataset contains over 400 categories, including both
”thing” (countable) and ”stuff” (amorphous) classes, but we follow the convention of
using only 59 classes for semantic segmentation. With 10,103 annotated images, it offers
a more comprehensive understanding of an entire scene’s context for benchmarking.
Cityscapes [123] is a large-scale dataset focused on urban street scenes. It contains
high-resolution images (2048x1024) with annotations across 19 semantic categories
relevant for autonomous driving. The dataset provides 5000 fine-grained annotations
(2,975 images for training, 500 for validation, and 1,525 for testing) and 20,000 extra

coarse-grained annotations for training. Its emphasis on precise boundary delineation
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makes it ideal for evaluating geometric accuracy. MS-COCOJ4IH] is a large-scale
object detection, segmentation, and captioning dataset. For semantic segmentation,
we use the train2017, val2017, and test2017 splits, which contain 118,287, 5,000, and
40,670 images, respectively. The dataset features complex daily scenes with 80 object
categories. Its large scale and dense, cluttered scenes make it a rigorous test for a
model’s robustness and generalization capability. ADE20K][850] is one of the most
challenging benchmarks for semantic segmentation, containing 150 finely annotated
categories including both objects and stuff. The dataset is split into 20,210 images for
training, 2,000 for validation, and 3,352 for testing. Its large number of categories and
complex scene compositions make it particularly suitable for evaluating model semantic
scalability. To systematically investigate the relationship between interpretability
and scalability in cross-attention mechanisms, we select four representative datasets
with progressively increasing semantic complexity (ranging from 19 to 150 classes),

simulating a continuum of segmentation difficulty.

Metrics: We use two standard metrics to evaluate semantic segmentation performance.
The Mean Intersection over Union (mIoU) is the most widely adopted metric for se-
mantic segmentation, providing a balanced measure of region similarity. It emphasizes
overall region accuracy but is particularly sensitive to large objects. The Dice coeffi-
cient measures the overlap between the predicted and ground-truth regions. It is more
sensitive to boundary accuracy and performs better at evaluating the segmentation of
small objects than mloU. To assess the efficiency of the parameters and computations,
we define a new metric, RCPR, to compare the relative cost-performance ratio between
our model and other baselines. RCPR consists of three items: Performance Retention
(PR), Parameter Efficiency (PE), and Computational Efficiency (CE).

RCPR = PR® x PE? x CE” (3.28)

where «, 3, and 7y represents the importance weights. Moreover, each component is
defined as:

PR — mloUvamea
mlIoUpaseline

PE = #Paramsbaseline
#ParamSVGMEA

CE G'FLOPbaseline

~ GFLOPvampA
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Therefore, RCPR favors light-weight models with high performance and low compu-
tational burden, and RCPR > 1 defines a relatively better model than the baseline.
In our experiment, we set « = 2, § = 1, and v = 0.5 to focus on performance and

parameter efficiency rather than computational efficiency.

Training protocol: All networks are implemented with PyTorch. Specifically, CNN-
based methods are reproduced with MMSegmentation [I121], while ViT-based networks
are reproduced with Detectron2 [702]. We employ standard data augmentation tech-
niques, including random scaling in [0.5,2.0], random horizontal flipping, and random
cropping. Training follows the standard protocols for each dataset with a batch size of
4, using the Adam-W optimizer with an initial learning rate of 0.001 and polynomial
learning rate decay. For fair comparison, all models are trained under identical training
protocols until convergence on 2 NVIDIA TITAN RTX GPUs.

3.5.2 Performance Analysis

We evaluate our VGMEA framework against established attention mechanisms and
typical semantic segmentation networks across four semantic segmentation benchmarks
with increasing numbers of semantic classes. Our model is tested in three configurations:
(1) VGMEA: without geometric constraints; (2) VGMEA{t: with amortized variational
inference for geometric constraints; and (3) VGMEAZ: with full iterative geometric
constraints. We compare with two categories frameworks, CNN-based methods: Non-
local[678], EncNet[806], EMANet[379], OCRNet[784], PSPNet [837], PSANet [838] and
kMaxDeeplab [773]; and ViT-based approaches: MaskFormer[I06], Mask2Former[105],
SETR[847], HLG[813], Segmenter[595], SegFormer[712] and OneFormer[293].

Quantitative Results

Table [3:2] reports the mIoU and Dice scores on all datasets, along with #Params
(parameter counts) and GFLOPS (Giga Floating-Point Operations Per Second). Our
VGMEA models achieve competitive performance with significantly fewer parameters

than other methods, yet consume more GLOPs.

Cityscapes: The emphasis on precise boundaries highlights the value of our TV
regularization. CNN-based VGMEAT achieves 81.8% mloU, outperforming all other
CNN models using the fewest parameters. Moreover, ViT-based VGMEAY gains
82.7% mloU, approaching to Mask2Former (84.1%) and OneFormer (84.6%) with
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(b) Cityscapes failure cases

Figure 3.4: Visualization of semantic segmentation for the Cityscapes dataset. (a) Our
model can classify pixels into the right semantic classes. (b) There are correlated semantic
classes defined in the Cityscapes, resulting in the false responses between ambiguous classes,
such as sidewalk vs. road vs. terrain.

significant parameter efficiency. Specifically, we exchange a 1.4% performance drop
for a 27% parameter save with respect to Mask2Former, while a 1.9% drop yields a
48% save with respect to OneFormer. In addition, the 1.6% DICE improvement from
w/o TV to Full TV demonstrates the critical importance of geometric constraints for
improving boundary accuracy in urban scene understanding. In Fig[34] there are
semantic segmentation results of VGMEAT on the Cityscapes. From the failure cases,
we observe that some ambiguously defined classes in Cityscapes are the main reason
for the false classification since they violate our assumption on class independence,

such as bicycle/motorcycle vs. person vs. rider and sidewalk vs. road.

PASCAL Context: Our CNN-based full TV model achieves 58.4% mloU and 59.1%
Dice, which achieves the best performance over the other CNN networks. Besides, our
full TV model has demonstrated competitive results in a ViT-based setting. Specifically,
it achieves more than 96% of Mask2Former and OneFormer’s performance with around
70% of the parameters. The amortized TV variant provides an acceptable trade-off
between accuracy and computational efficiency, at the cost of more parameters in the

mini-network for predicting the initial ® surface. In Figure. [3.5] we expect that more
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(b) PASCAL Context failure cases

Figure 3.5: Visualization of semantic segmentation from the PASCAL Context dataset. (a)
Our model can classify pixels into the right semantic classes. (b) There are more ambiguous
semantic classes defined in the PASCAL Context, such as building vs. wall, ground vs. floor.

correlated classes have competed with each other in our feature representation space

and caused more perplexed label assignment.

MSCOCO: With 81 categories, our method achieves the top performance 62.4%
mloU among CNN-based models and maintains competitive performance against the
ViT-based networks. Despite the efficiency, VGMEA with Full TV achieves 96% mIoU
of Mask2Former and OneFormer, and outperforms the others with fewer parameters,
demonstrating remarkable scalability to complex, multi-category scenes. In addition,
some classes are difficult to distinguish within limited context information, such as a

backpack, suitcase, or handbag in outdoor scenarios.
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Figure 3.6: Visualization of semantic segmentation for the MSCOCO dataset. (a) Our
model can classify pixels into the right semantic classes. (b) Some classes are difficult to
distinguish from limited context information, such as backpack vs. suitcase vs. handbag.

ADE20K: This dataset has diverse scenes with 150 categories, representing the most
challenging scenario for model capacity. VGMEA with Full TV attains 46.5% mlIoU
in CNN-based setting and outperforms the other CNN networks. Moreover, the ViT-
based VGMEA with Full TV (52.1%) is slightly lower than Mask2Former (53.9%) and
OneFormer (54.7%), yet with around 30% fewer parameters, confirming its effectiveness
across varying levels of complexity. In Figure. [3.7] our model learns the degraded
feature representation space due to complicated correlation among various ambiguous

classes.

Compatibility Analysis

Our VGMEA module demonstrates remarkable compatibility across diverse network ar-

chitectures, serving as a lightweight drop-in replacement for conventional cross-attention
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(a) ADE20K successful cases
T— T
: : SS= 4 _

(b) ADE20K failure cases

Figure 3.7: Visualization of semantic segmentation for ADE20K dataset. (a) Our model
can classify pixels into the right semantic classes. (b) Some classes are confused by limited
context information, such as house vs. tree, table vs. stand.

mechanisms without requiring architectural modifications. In CNN-based baselines,
VGMEA seamlessly replaces their original attention modules with our probabilistic
attention, reducing parameter count and improving performance. Meanwhile, VGMEA
replaces the standard cross-attention layers in the transformer decoder for ViT-based
models. As shown on the right side of Figure 3.8, VGMEA has achieved relatively
better comprehensive performance than all the other benchmark models, since RCPRs
are all above 1. Specifically, on the left side of the Figure all VGMEA variants have
the superiority of parameter efficiency over all the models (all PE metric values are
above 1) while requiring more computational loads on average due to the bottleneck
of geometrical regularization terms (CE < 1 in most cases). In addition, all VGMEA

variants can achieve competitive performance compared to other benchmarks.
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Cityscapes PASCAL Context, MSCOCO ADE20K
CNN-based Backbone | #Params | 768 x 1024 (19 classes) 512 x 512 (59 classes) 1024 x 1024 (80 classes) 512 x 512 (150 classes)
mloU | Dice | GFLOPs | mloU | Dice | GFLOPs | mloU | Dice | GFLOPs | mloU | Dice | GFLOPs
NonLocal|678] 67 787 | 79.2 911 45.4 46.2 286 52.4 53.2 1249 42.9 43.6 287
EncNet [806} 53 78.6 79.4 656 51.7 52.8 219 58.1 58.3 876 42.1 43.2 219
EMANet [379] 59 79.1 79.6 742 53.1 54.8 247 59.4 59.8 990 43.3 | 44.1 247
OCRNet[784] 56 80.1 80.4 693 56.2 57.3 231 60.4 61.1 926 43.9 44.5 231
kMaxDeeplab[773) ResNet-101 73 79.7 80.2 1004 57.8 | 58.4 320 60.7 61.0 1468 45.3 46.2 324
PSANet|838] " 76 78.4 78.6 843 46.2 46.4 279 58.4 58.6 1107 43.8 | 44.3 274
PSPNet [837] 66 79.4 79.8 769 47.8 48.4 256 58.7 59.1 1021 43.6 | 43.9 257
VGMEA 42 80.6 80.9 648 56.4 57.1 250 60.8 61.4 982 45.8 46.9 254
VGMEAT 11 812 | 818 728 572 | 58.1 319 613 | 617 | 1128 161 | 474 321
VGMEA} 42 81.8 | 82.5 995 58.4 | 59.1 358 62.4 | 62.5 1367 46.5 | 48.7 367
Cityscapes PASCAL Context MSCOCO ADE20K
Transformer-based | Backbone | #Params | 768 x 1024 (19 classes) 512 x 512 (59 classes) 1024 x 1024 (80 classes) 512 x 512 (150 classes)
mloU | Dice | GFLOPs | mIoU | Dice | GFLOPs | mIoU | Dice | GFLOPs | mIoU | Dice | GFLOPs
MaskFormer|[106) 112 81.4 82.3 1027 62.3 63.1 584 64.8 | 65.1 1378 49.4 50.1 571
Mask2Former [105] 128 83.5 | 84.1 1385 65.7 66.4 792 67.4 | 68.6 1712 53.9 | 54.3 804
SETR[847] 160 79.2 | 79.8 1215 56.4 | 57.2 687 64.3 | 64.9 1559 47.7 | 481 688
HLG[813] 100 79.5 80.6 1183 57.5 58.1 618 64.1 64.3 1498 46.2 46.9 621
OneFurmer»Zgii_i ViT-Base 180 83.1 | 84.6 1370 66.8 | 67.1 684 67.4 | 68.4 1690 54.7 | 55.2 678
Segmenter[595] o 102 80.6 81.4 1205 59.7 | 60.4 563 62.3 63.1 1625 48.1 48.6 548
SegFormer [712] 129 82.3 83.6 1148 62.1 63.3 572 62.7 63.4 1632 49.6 50.4 568
VGMEA 91 81.3 81.6 1150 61.2 62.7 678 63.1 63.3 1477 50.8 51.2 690
VGMEA{} 100 82.2 82.4 1320 62.8 63.2 775 63.8 64.1 1674 51.7 51.9 782
VGMEA} 93 82.7 | 82.9 1520 63.9 64.5 850 64.7 64.9 1845 52.1 52.3 832

Table 3.2: Performance comparison on four datasets. Parameter counts are in millions (M),
and GFLOPs denotes gigaflops. The best results are in bold, and the second-best results are
underlined. { means using amortized TV (with 3 iterations), and { represents the full TV
(with 15 iterations).

In detail, we substitute the encoding layer in EncNet with our light-weighted mod-
ule, reducing the parameter count from 53M to 42M while maintaining consistent gains
in mloU. Similarly, in EMANet, VGMEA replaces the expectation-maximization atten-
tion, achieving comparable performance (105% PR) with higher parameter efficiency
(140% PE). For ViT-based models like Mask2Former and OneFormer, VGMEA replaces
the standard cross-attention layers in the transformer decoder. This replacement is
particularly effective because our method is inherently compatible with query-based
mechanisms. VGMEA maintains 98% PR of the original mIoU while increasing PE to
128% and 180%, respectively. In conclusion, the universal compatibility stems from
VGMEA'’s adherence to standard cross-attention interfaces (query-key-value inputs
and residual outputs), making it suitable for integration into any modern segmentation
pipeline. Besides, our geometrical regularization can generally increase the performance,

but at the cost of a high computational burden.

EM iters | mIoU (%) | Time (ms)
1 51.5 0.8
2 51.6 1.1
3 51.6 14
4 51.8 1.6
) 52.1 1.8

Table 3.3: Ablation study on the effects of EM iterations against the inference performance
and speed. Experiments are conducted on ViT-Base with the ADE20K VOC dataset.
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Performance Metrc Stack: VGMEA RCPR Scores Comparison Across VGMEA Variants.
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Figure 3.8: Cross-architecture compatibility analysis for three VGMEA variants: VGMEA
uses no TV, VGMEA+ATYV uses amortized TV, and VGMEA+FTV uses the full TV. PE,
PR, CE and RCPR represent Parameter Efficiency (PE), Performance Retention (PR),
Computational Efficiency (CE) and Relative Cost-Performance Ratio (CPR), respectively.
For all metrics, values above 1 are better.

Convergence Analysis

On the one hand, we empirically analyze EM convergence in terms of training stability,
given the theoretical guarantees of the EM algorithm. On the other hand, we estimate

the inference efficiency in terms of EM iterations.

Training Stability: Due to the theoretical guarantees of the EM algorithm, the

119



3.5. Experiment

Multple C Curves C

(Turning Point (269001,
1 B ot et

Turning Point (3800)

Shifted Normalized Loss

Turming Point (2600)

20000 w00 60000 80000 100000 120000 140000 160000

Figure 3.9: Ablation study on the convergence analysis of VGMEA against stacked cross-
attention in Mask2Former and OneFormer on the ADE20K dataset.

VGMEA typically converges within 3-5 iterations via the evidence lower bound (ELBO)
in a mini-batch. Compared to a deep stack of traditional attention blocks (i.e., 6-12
layers in OneFormer), VGMEA demonstrates smooth convergence curves compared to
the oscillatory behavior sometimes observed in deep stacks (Figure .

Inference Efficiency: Due to the property of the moment-based algorithm, VGMEA
can vary the EM iterations in the inference phase without changing the computational
graph. That means fewer EM iterations are required for inference without significantly
reducing performance, unlike fixed deep stack architectures, where inference typically
passes through as many layers as in the training stage. This flexibility is particularly
valuable for real-time applications. As shown in the Table. [3.3] we can run the EM

algorithm once to achieve fast inference speed while maintaining good performance.

Interpretability Analysis

From a Gaussian mixture model perspective, VGMEA offers straightforward inter-

pretability in the feature space during both the learning and inference stages.

During training, VGMEA learns to form the feature space, where each Gaussian
component N(;,, Ci) evolves to represent a semantic concept. The centroids py,
converge to prototypical feature vectors for each category, while the precision matrices

C,:l capture intra-class variability. The orthogonal constraint ensures that different
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concepts occupy nearly independent subspaces, facilitating clear semantic separation.
Meanwhile, during inference, the responses of the feature space rg, = q(z, = k) provide
probabilistic assignments of each pixel to semantic concepts. The fact offers several
interpretability advantages: (1) uncertainty quantification measured by classification
confidence given by the posterior distribution; (2) concept attention visualized by rgy,
activated in different regions; (3) representation disentanglement that analyzes the
personalized input-dependent details separated from the common class-wise features;
(4) ontology analysis that can detect the ambiguous semantic conception design in

datasets.

3.5.3 Ablation Study

To thoroughly understand the contributions of each component in our VGMEA frame-
work, we conduct comprehensive ablation studies analyzing the individual and combined

effects of our key innovations.

Amortized Geometric Constraints

We first investigate the impact of our amortized total variation (TV) regularization
scheme, a crucial innovation that balances geometric consistency with computational

efficiency.

Experimental Setup: We compare five configurations: (a) No geometric constraints,
(b) Full iterative TV regularization (15 iterations), and (c)-(e) Our amortized TV
approach (¢ <5 iterations + prediction network). Evaluations are conducted on all
four datasets using the DICE metric to highlight the precise delineation of boundaries.
From Table we observe that the general capability of preserving effectiveness. On
average, the amortized TV variants retain more than 90% of the full TV’s boundary
delineation while reducing the inference time. In detail, the more iterations VGEMA
performs, the higher its DICE score, but at the cost of more inference time. The
benefits are consistent across datasets, with similar relative improvements observed
across all four. Compared to the VGMEA with no TV terms (decrease > —4.2%), the
amortized TV with 5 iterations has retained the highest DICE score (> 98.2%) but has
spent more computation time on level-set evolution (> +1.1 ms per image). Although
they do not completely avoid the TV bottleneck, amortized variants can be a good

compromise between performance and inference speed.
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. Cityscapes val set
Configuration DICE (%) | Time/ Iymaglt)e (ms) | Performance Gap
Full TV (15 iter) 82.9 2.5 0 (baseline)
No Constraints 78.3 0.5 -4.6% / -2.0ms
Amortized TV (1 iter) 79.1 0.9 -3.8% / -1.6ms
Amortized TV (3 iter) 80.2 1.5 -2.7% / -1.0ms
Amortized TV (5 iter) 81.1 1.8 -1.8% / -0.7ms
Configuration PASCAL Context val set
DICE (%) | Inference Time (ms) | Performance Gap
Full TV (15 iter) 63.6 2.3 0 (baseline)
No Constraints 59.4 0.6 -4.2% / -1.7ms
Amortized TV (1 iter) 61.2 0.8 -2.4% / -1.5ms
Amortized TV (3 iter) 62.8 1.4 -0.8% / -0.9ms
Amortized TV (5 iter) 62.8 1.7 -0.8% / -0.6ms
Configuration MSCOCO val set
DICE (%) | Time/Image (ms) | Performance Gap
Full TV (15 iter) 64.9 3.8 0 (baseline)
No Constraints 60.7 0.9 -4.2% / -2.9ms
Amortized TV (1 iter) 60.9 1.6 -4.0% / -2.2ms
Amortized TV (3 iter) 62.7 2.3 -2.2% / -1.5ms
Amortized TV (5 iter) 63.3 2.9 -1.6% / -0.9ms
Configuration - ADE2O0K val set
DICE (%) | Time/Image (ms) | Performance Gap
Full TV (15 iter) 52.3 5.4 0 (baseline)
No Constraints 44.9 1.2 -7.4% / -4.2ms
Amortized TV (1 iter) 48.2 3.1 -4.1% / -2.3ms
Amortized TV (3 iter) 49.5 3.9 -2.8% / -1.5ms
Amortized TV (5 iter) 50.8 4.8 -1.5% / -0.6ms

Table 3.4: Ablation study on geometric constraints on all datasets.

Orthogonal Constraint

The orthogonal constraint on concept centroids serves multiple purposes: improving
interpretability, enabling computational simplifications, and enhancing semantic sepa-

ration.

Experimental Setup: We evaluate four conditions: (a) No constraints, (b) Or-
thogonality only, (c¢) Diagonal covariance only, and (d) Full orthogonal + diagonal
constraints. Measurements include parameter efficiency, semantic separation quality,

and computational benefits.

Inter-class Separation quantifies the average dissimilarity between different semantic
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concept centroids in the learned feature space. It measures how well the model dis-
tinguishes between different categories. Let p; and p; represent the centroid vectors
of concepts i and j respectively, where 7,5 € 1,2,..., K and i # j. The Inter-class

Separation Sipier is defined as:

K-1

K
Sinter = ﬁ z <1 - cosine(,ui,uj)) (329)

i=1 j=i+1

Intra-class Coherence measures the average compactness of features within each seman-
tic concept. It assesses how tightly clustered the features are around their respective
concept centroids. For each concept k, let Xy = x,|z, = k be the set of feature vectors

assigned to concept k. The Intra-class Coherence Ciytyy is defined as:

K
1 1 .
Cintra = 7 kZ:l (m > cosme<xn,uk>> (3.30)

Xn €Xg
Where the cosine similarity is calculated as:

. K- Ky
cosine(p;, ;) = ————— (3.31)
Sl Al ||
Therefore, two metrics provide quantitative evidence for the effectiveness of our orthogo-
nal constraints in creating a well-structured feature space that supports robust semantic
segmentation. Specifically, high Sipter and Ciptrs values correlate with better decision
boundaries, reduced classification ambiguity, improved generalization performance, and

enhanced model interpretability.

We conclude from Table that on average orthogonality + diagonal correlation
enhances the interpretability (improves inter-class separation 0.39 — 0.85), reduces
the parameter count (18.1% by eliminating off-diagonal covariance elements), and
accelerates the inference time (by 46.1% due to simplified matrix operations), but may
degrade the semantic segmentation precision. That reveals a dilemma: explainable
modules are likely to sacrifice performance, especially when the concept designs are
ambiguous or complex in the dataset (i.e., terrain vs. sidewalk). Therefore, more prior
information needs to be integrated into the design of explainable modules, for instance,

a tree-structured conception in which the parent nodes represent the super-categories.
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Configuration Cityscapes val set
mloU (%) | Params (M) | Inter-class Separation 1 | Intra-class Coherence 1 | Inference Time (ms)
None 83.2 48.4 0.48 0.44 4.2
Orthogonality 82.8 48.4 0.89 0.85 4.2
Diagonal Correlation 82.9 42.1 0.54 0.45 2.3
Full Constraints 83.1 42.2 0.88 0.87 2.5
Configuration PASCAL Context val set
mloU (%) | Params (M) | Inter-class Separation 1 | Intra-class Coherence 1 | Inference Time (ms)
None 64.1 48.7 0.45 0.46 4.5
Orthogonality Only 63.1 48.7 0.88 0.87 4.5
Diagonal Correlation 62.7 42.2 0.52 0.51 2.4
Full Constraints 63.9 42.2 0.87 0.88 2.2
Configuration . MSCOCO val set
mloU (%) | Params (M) | Inter-class Separation 1 | Intra-class Coherence T | Inference Time (ms)
None 65.3 52.7 0.36 0.38 5.1
Orthogonality Only 62.3 52.6 0.84 0.82 5.0
Diagonal Correlation 62.8 42.4 0.48 0.44 2.9
Full Constraints 64.7 42.5 0.83 0.82 2.8
Configuration ADE2OK val set -
mloU (%) | Params (M) | Inter-class Separation T | Intra-class Coherence T | Inference Time (ms)
None 53.1 57.3 0.28 0.31 5.9
Orthogonality Only 51.8 57.4 0.82 0.83 5.8
Diagonal Correlation 51.7 42.6 0.31 0.32 3.2
Full Constraints 52.6 42.6 0.83 0.84 3.1

Table 3.5: Ablation study on orthogonal constraints on all datasets

Trade-off between efficiency and accuracy

We analyze the overall efficiency-accuracy characteristics of different VGMEA configura-
tions to provide practical guidance for deployment scenarios. There are 6 configurations
formed by combinations of 3 TV options (none, amortized, full) with 2 orthogonal

constraint options (none, orthogonality).

From Table we can obtain optimal configurations for different scenarios on average:
(a) the best efficiency chooses No TV + orthogonality for the highest parameter effi-
ciency (60.5% mloU vs. 40M Param) and speed (2.6 ms per image); (b) best balance
adopts amortized TV + orthogonality that offers the optimal balance, achieving 97.2%
of best performance with 64.0% of inference speed; (c) best interpretability combines
full TV and orthogonality that achieves the second best performance but the complete
semantic concept separation; (d) best Accuracy uses full TV + no orthogonality reach
peak performance for interpretability-neglect applications. In conclusion, we observe
cross-dataset consistency: the configuration of amortized TV plus orthogonality consis-
tently provides the best trade-off between efficiency and accuracy, regardless of dataset

complexity or characteristics.

Summary of Ablation Findings
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Confiewration Cityscapes val set _
© mloU (%) | Params (M) | GFLOPs | Memory (MB) | Inference Speed (ms)
No TV, No Orthogonal 79.2 48 485 2843 3.4
No TV, Orthogonal 79.4 40 324 2346 2.6
Amort TV, No Orthogonal 80.6 52 824 3956 4.7
Amort TV, Orthogonal 80.4 48 648 2748 3.5
Full TV, No Orthogonal 81.6 46 1230 3078 5.6
Full TV, Orthogonal 81.3 42 995 2578 4.3
Configuration PASCAL Context val set
mloU (%) | Params (M) | GFLOPs | Memory (MB) | Inference Speed (ms)
No TV, No Orthogonal 60.1 48 264 2975 3.5
No TV, Orthogonal 59.3 40 217 2453 2.5
Amort TV, No Orthogonal 62.4 50 397 4173 4.8
Amort TV, Orthogonal 62.7 45 319 2875 34
Full TV, No Orthogonal 64.1 48 537 3248 5.7
Full TV, Orthogonal 63.5 42 358 2671 4.4
Configuration MSCOCO val set
mloU (%) | Params (M) | GFLOPs | Memory (MB) | Inference Speed (ms)
No TV, No Orthogonal 60.3 47 1246 3247 3.8
No TV, Orthogonal 59.4 40 1078 2978 2.9
Amort TV, No Orthogonal 61.9 52 1578 4524 5.7
Amort TV, Orthogonal 61.3 48 1429 3314 4.3
Full TV, No Orthogonal 63.8 50 1684 3745 6.8
Full TV, Orthogonal 62.4 42 1367 3126 5.5
Confiewration ADE20K val set
© mloU (%) | Params (M) | GFLOPs | Memory (MB) | Inference Speed (ms)
No TV, No Orthogonal 44.3 49 287 3879 4.2
No TV, Orthogonal 43.8 40 224 3598 3.3
Amort TV, No Orthogonal 45.9 54 425 4975 6.8
Amort TV, Orthogonal 45.4 50 324 4015 5.1
Full TV, No Orthogonal 47.3 52 512 4178 7.4
Full TV, Orthogonal 46.5 42 367 3785 5.8

Table 3.6: Trade-off between efficiency and accuracy analysis on all datasets.
Our ablation studies demonstrate that:

1. Amortized TV provides 97.2% of full TV’s benefits with 64.0% faster inference
speed.

2. Orthogonal constraints improve semantic separation by 46.0% while reducing

parameters by 18.1%.

3. The optimal configuration (Amortized TV 4 Orthogonality) achieves the best
efficiency-accuracy balance across all datasets.

4. Our approach offers a flexible configuration suitable for diverse deployment

scenarios from real-time to accuracy-critical applications.

These results validate the design choices in VGMEA and provide practical guidance for

researchers and practitioners seeking to leverage our method in various applications.
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3.5.4 Limitations

Despite the compelling advantages of our VGMEA framework, several limitations merit

careful consideration and suggest promising directions for future research.

Limited Feature Space Adaptability of EM Iteration

The Expectation-Maximization algorithm, while providing theoretical guarantees and
stable convergence, operates within a fundamentally static feature space framework.
Unlike deep cross-attention stacks that enable hierarchical feature transformation
through multiple layers, our EM-based approach performs iterative refinement within

a fixed feature representation space. This limitation manifests in two critical aspects.

First, the inability of feature space migration restricts the modules evolving from
abstract semantic concepts to dataset-specific instantiations. While traditional atten-
tion mechanisms can progressively transform and specialize features through stacked
layers (e.g., QY = f(QW,K,V)), our EM iterations primarily optimize assignment

probabilities and centroid positions within the original feature space:

(t) (t)
Do Tien (X0 — 1)
(t)
Zn Tkn
Second, this static feature space assumption may limit generalization across diverse

domains. As shown in Table 3.7} while VGMEA performs excellently on structured

datasets such as Cityscapes, its performance gain diminishes on more diverse datasets

H](Ct+1) _ Nl(qt) +n

such as ADE20K, where adaptive feature transformation becomes crucial.

In summary, the practical implications are (a) limited hierarchical abstraction that
VGMEA operates at a single level of abstraction while cross-attention stacks can
progressively abstract features from local patterns to global semantics; (b) reduced
adaptability that the fixed feature space may struggle with domain shifts; (c) architec-
tural rigidity that inability to learn the complex feature transformations hinders deep
transformers in few-shot. We suggest that future work could explore hybrid approaches
where EM iterations are interleaved with feature transformation layers, creating a

dynamic feature space that evolves during optimization.

Semantic Over-Constraint through Orthogonality
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Dataset Semantic Classes | VGMEA | Stacked Cross-Attention | Performance Gap
Cityscapes 19 82.7 83.1 -0.4%
PASCAL 59 63.9 66.8 -2.9%
MSCOCO 80 64.7 67.4 -2.7%
ADE20K 150 52.1 54.7 -2.6%

Table 3.7: Performance comparison highlighting feature adaptability limitations via
mloU(%). Our model adopts full TV + orthogonality while the stacked cross-attention
modules are from OneFormer.

The orthogonal constraint p, p; ~ 0 for i # j, while computationally beneficial,
imposes an artificial independence assumption that contradicts real-world semantic
relationships. This limitation is particularly evident in natural semantic hierarchies that
often exhibit inherent relationships (e.g., "vehicle” — ”car” — "wheel”) that should be
reflected in the feature space geometry. The orthogonal constraint forces these related
concepts to occupy perpendicular subspaces, discarding valuable relational information.
Additionally, the computational savings from diagonal covariance matrices come at
the cost of ignoring informative feature correlations that could enhance segmentation
accuracy. In addition, the constraint leads to inefficient utilization of the feature space.
To maintain orthogonality among K concepts in D-dimensional space, we require
D > K, potentially forcing expansion into higher dimensions than necessary if some

natural dependence were permitted.

Our experiments show that while orthogonality improves separation metrics, the per-
formance gains diminish as the number of concepts increases, especially when concepts
are complex or ambiguous. That suggests increasing ”semantic tension” as category
relationships become more complex. We advise that future research can focus on
hierarchical semantic structures to accommodate layer-wise orthogonal constraints.
The architectures might preserve computational benefits while accommodating com-
plex semantic relationships. Specifically, a bottom-top structure consists of base-level
orthogonality that enforces orthogonality only between semantically distant categories,
hierarchical dependence that allows dependent relationships along category hierarchies,
and conditional independence that maintains discriminability among categories on

different branches.

Computational Bottleneck of TV Regularization

The Total Variation regularization, while effective for boundary preservation, suffers

from significant computational challenges that limit practical deployment. The absence
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of a closed-form solution necessitates iterative optimization through level-set methods.

Each iteration requires computation of the curvature:

(V9
n=div <|v¢|)

This process typically requires more than 15 iterations for convergence, accounting for
around 50% of total computation time. Furthermore, the level-set evolution approach
used for TV minimization is inherently sequential and difficult to parallelize efficiently
on modern hardware. We suggest addressing this bottleneck with several promising
approaches: (a) train lightweight networks as a quick TV solver to predict optimal
TV regularization directly from features; (b) apply multi-grid Methods to accelerate
convergence; (c) use learned priors to provide better predictive initialization, reducing

convergence iterations.

3.6 Conclusions

In this chapter, we have presented VGMEA, a novel variational Gaussian mixture
model embedded attention framework that fundamentally reinterprets cross-attention
mechanisms through a probabilistic lens. Our approach establishes a mathematically
grounded foundation for attention operations by formulating them as iterative concept
distillation processes within a mean-shift framework. The theoretical innovation can
unify diverse attention variants under a single probabilistic framework. Through exten-
sive experiments and ablation analysis, we conclude that our VGMEA not only enhances
theoretical understanding but also provides practical adaptation to deep learning ap-
proaches. It pioneers a viable pathway for integrating sophisticated probabilistic models
into deep learning architectures, bridging the long-standing gap between Bayesian
methods and modern neural networks through innovations in online Bayesian updates
and amortized variational inference. Despite these advancements, we acknowledge
several limitations of our current approach on feature space transformation, semantic
over-constraint on orthogonality, and the bottleneck of the Total Variation solver.
Therefore, we suggest future work to integrate hierarchical orthogonal constraints and
develop more efficient solvers for geometrical regularization. In conclusion, we believe
that VGMEA represents a significant step toward more interpretable, efficient, and
theoretically sound attention mechanisms, and we hope it will inspire further research

at the intersection of probabilistic modeling and deep learning for computer vision and
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beyond.
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Segmentation via Contextual

Cross-Attention

Based on the following publication:

Zhan Xiong and Fons J. Verbeek. Weakly Supervised Semantic Segmentation via
Contextual Cross-Attention. In 9th International Conference on Frontiers of Signal
Processing, ICFSP 2024, Paris, France, September 12-14, 2024, pages 83-92. IEEE,
2024
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Chapter Summary

Weakly supervised semantic segmentation (WSSS) using image-level labels faces two
challenges: Class Activation Maps (CAMs) lack explicit background modeling and
lose spatial information during pooling. However, post-processing for background
inference often results in imprecise separation. Moreover, the absence of geometric
regularization in standard loss functions hinders accurate boundary delineation. To
address these limitations, we propose a novel end-to-end WSSS framework that in-
tegrates a conditional probabilistic model with a geometric prior. Our framework is
initiated by explicitly modeling the background using Bernoulli distributions trained
with contrastive self-supervised learning. We then introduce a variational total variation
(TV) term to refine background regions and improve boundary fidelity. Foreground
class probabilities are subsequently modeled with Categorical distributions conditioned
on the refined background. This conditional foreground modeling is implemented as
a novel Contextual Cross-Attention (CCA) module that captures long-range depen-
dencies among foreground regions. Our hierarchical framework offers insights into
WSSS representation learning and significantly improves segmentation accuracy on the
PASCAL VOC dataset.

Keyword: Conditional Probabilistic Model = Image-Level Classification Cross At-

tention Contrastive Learning Global-Local Prototype Transformation
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4.1 Introduction

Semantic segmentation is essential, but its application is often constrained by the
request for pixel-level annotations, particularly in fields like biology and medicine,
where such annotations require domain expertise. Weakly Supervised Semantic Seg-
mentation (WSSS), which uses weaker supervision such as image-level labels, offers a
promising alternative. However, image-level WSSS faces inherent limitations, including
ambiguous background modeling due to the lack of explicit indicators and loss of
spatial details from pooling operations (e.g., max or global average pooling). These
limitations complicate the discrimination between precise and imprecise partitions.

Existing WSSS approaches address background modeling through discriminative
and generative paradigms. Discriminative approaches, which define the background as
the complement of foreground classes, employ a one-against-all classification strategy
to allocate pixels to the background by exclusion. Therefore, the background cannot
be conceptualized as simple as other foreground classes, whose representation cannot
be directly modeled in a finite feature space but only rationally defined as feature
vectors outside the foreground space, depicted in Figure [{.1] Despite their effectiveness,
existing models[734] [T58], 100} 315, 556l 862] often rely on class activation maps (CAMs)
[564] for foreground representation. However, these methods often resort to ad-hoc
post-processing for background inference, leading to false background responses. In
contrast, generative methods [356, [343] adopt a one-vs-one classification strategy and
leverage adversarial learning to simplify segmentation into binary classifications for
each foreground class. However, they may undermine spatial exclusivity among classes
and slow inference in multi-class scenarios.

Despite emphasizing background modeling, image-level WSSS methods often
overlook issues of spatial information loss. Current approaches fail to ensure that loss
functions favor accurate partitions, especially when there are fewer foreground classes
[802]. The crux comes from the pooling operations that map inaccurate partitions to
feature vectors similar to the correct ones, making them indistinguishable to image-
level loss functions. Consequently, there is a need for geometrical regularization to
align partitions with smooth boundaries of foreground regions, depicted in Figure |4.2
However, existing methods mainly use post-processing techniques such as thresholding
or dense conditional random fields (dense-CRF'), which are dataset-specific and rely on
parameter tuning.

To address these limitations within a discriminative framework, we propose a novel

conditional probabilistic model coupled with a variational geometric prior, depicted in
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Background space

- &

Foreground space

Figure 4.1: As the semantic information of foreground objects differs from that of back-
grounds, the representative manifold is divided into two sub-spaces: foreground (green) and
background (blue) spaces. All foreground objects share similar high-level representations and
can be mapped to the same manifold. However, due to inter-class differences, they reside in
different semantic clusters (color stars). All objects outside the foreground space belong to
the background class. With different color/texture low-level features, they can also reside in

different sub-groups (grey stars).
Logit L/

(a) Loss without Regularization (b) Loss with Regularization

Figure 4.2: An illustration to show the role of geometrical regularization. Three partitions
are qualified as bad (green star), good (orange star), and neutral (purple star) from left to
right. (a) All partitions have similar logits in a standard image-level loss function. (b) With
regularization, they are re-ranked with different logits according to their qualities.
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Figure 4.3: An Overview of the proposed framework. It consists of a rectified Bernoulli
distribution and a conditional Categorical distribution. Global foreground prototype Qo is
iteratively transformed into local foreground prototypes ;. Note that salient maps denote
the complement of the background maps for better visualization. The final predicted semantic
masks are obtained by concatenating a rectified background map and conditional foreground
classification masks.

Figure Our approach reformulates semantic segmentation as a hierarchical model.
We first explicitly model the background classification as an independent Bernoulli
distributionﬂ The Bernoulli distribution is implemented as a sub-network using the
sigmoid activation function. To work around the missing background indication in-
formation, we introduce foreground-background contrastive self-supervised learning
[87, 158, [714] for training instead. Contrastive learning can automatically mine comple-
mentary information of background representations across images without requesting
image tags. However, the initial background regions generated from self-attention
might not be smooth and compact. Therefore, we introduce a variational geometric
regularization term [56] to promote segmentation boundary fidelity. We argue that it
is empirically rational to only regulate between background and foreground because
each foreground object should have a regular geometrical shape. Therefore,
the union of these regions is still regularly continuous. This regularization encourages
coherent region delineations with smooth boundaries, allowing regions to expand /
contract to better cover objects. The assumption is empirically proven to be a sim-
ple yet efficient way to address spatial information loss with minimal computational
overhead. The Bernoulli distribution with the geometrical regularization is called the
rectified Bernoulli distribution. For foreground classification, we employ a conditional

Categorical distribution within the identified foreground regions, enforcing soft pixel

1Strictly speaking, it is conditional independence when given previous layers.
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assignments among foreground classes. Our conditional Categorical distribution can be
formulated as a stack of masked cross-attention modules [I05]. Each module captures
long-range dependencies among foreground partitions only. We name the conditional
Categorical distribution as contextual cross-attention (CCA). The CCA can extract
global foreground prototypes from the dataset and gradually transform them into local
prototypes based on the input content. Because the local prototypes are adapted to
the features of the corresponding input, the soft label assignment can be computed as
probabilities by normalizing the pairwise similarities between pixels and local proto-
types, and it benefits from reduced variation compared to global ones. Our framework
offers a new perspective on the structure of representative embedding spaces under the
WSSS paradigm.

In summary, our main contributions are as follows:

e An end-to-end WSSS framework offering a new understanding of representative
embedding spaces. Our model uses contrastive learning for explicit background

modeling and a novel contextual cross-attention for foreground classification.

e A variational geometric regularization for smooth region delineation, efficiently
addressing spatial information loss and improving segmentation masks with

minimal computational overhead.

e Our method is a generic approach that can easily extend with other regularization

terms and demonstrates superior performance on the benchmark dataset.

4.2 Related Work

Image-level Discriminative WSSS. Discriminative approaches to image-level WSSS
often leverage CAMs [564] to identify foreground and background regions. However,
CAMs can result in incomplete partitions and imprecise boundaries. Research has
focused on expanding CAMs into more robust semantic masks to address this issue. One
approach involves global-to-local prototype transformations [62), 856, [734] [83] 862} [100]
to mitigate non-discriminative regions. Others integrate complementary information,
such as semantic affinities [3], boundary information [550], uncertainty [394], or exploit
information bottlenecks [355]. Some efforts mitigate challenges through data manipula-
tion, such as introducing hard out-of-distribution data [357] or strong augmentations
[597]. While these methods improve foreground modeling, they often rely on heuristic

post-processing for background estimation, potentially limiting precise semantic seg-
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mentation.

Contrastive Learning. The core idea of contrastive learning is to group feature vec-
tors based on their similarities within a feature space, enforcing intra-group similarity
and inter-group difference. Based on object class labels, this approach creates positive
pairs from samples within the same class and negative pairs from those across different
classes. Hence, contrastive learning [87] pulls the samples from positive pairs closer
together and pushes the samples from negative pairs farther apart. Recent WSSS
research uses contrastive learning to extract additional information across images, in-
cluding pixel-to-prototype contrast [I58], knowledge distillation [626], and biased object

removal [315]. These complementary cues can assist in accurate semantic classification.

Cross-Attention. Cross-attention computes the similarities between pixels and
queries. Some studies [773] implement cross-attention as k-means clustering, while
others [663] use a K-NN clustering perspective. We can interpret image-level WSSS as a
form of clustering, with object queries serving as cluster centers and their learnable em-
beddings. In this chapter, we adopt a k-means clustering interpretation and reformulate
cross-attention as a conditional probability within our framework to predict pixel-level
similarities. Therefore, cross-attention can be a scalable module that transforms cluster

centers into different representations.

Regularization. Regularization prevents model underfitting or overfitting by intro-
ducing additional information. It is crucial for image-level WSSS because a classifier
maps different partitions onto similar vectors. From a Bayesian perspective, one reg-
ularization term is a prior distribution reflecting a priori knowledge. Most recently,
adversarial perturbations [356] have been applied to bridge the train-test error gap.
However, existing regularization terms cannot directly guide image-level loss functions
in evaluating partitions at the pixel level. To address this, we introduce a total variation

(TV) regularization term to encourage partition alignment with object boundaries.

4.3 Method

In this section, we reformulate image-level WSSS as a hierarchical probabilistic frame-
work in an end-to-end manner and provide the solutions of each component approxi-
mated by mean-field theory. Given a feature map X € RE*H*W where C, H and W
denote the channel number and spatial dimensions, our model predicts a pixel-level

(K+1)x HXxW

semantic label assignment S € R , where K is the number of foreground
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classes. We treat the background as an auxiliary class and split label vectors with
two distinct parts: a scalar set B = {b;|b; € {0,1}} for the background class, and a
conditional 1-of- K vector set F = {(1—b;)- fi| fi.r € {0,1}, > fi.e = 1} for foreground
classes. Here, i € {H x W} indexes spatial locations, and f; j is the label of the
k-th foreground class at position i. To enhance segmentation boundary fidelity, we

RIXHXW

introduce an auxiliary term B € as the initial binary background map, and

the geometrical prior distribution uses B to regulate the background regions.

4.3.1 Probabilistic Framework

We offer a novel perspective on semantic label assignment. In contrast to the conven-
tional manner, we define it as a structural process and formulate it as a conditional

probabilistic model:

P(S,B|X)= P(B,F,B|X) = P(F|B,X) - P(B, B|X) (4.1)

The P(B,B|X ) is defined as a rectified Bernoulli distribution to generate binary
background maps with compact and smooth boundaries. Moreover, P(F'|B, X) denotes
a conditional 1-of-K Categorical distribution to assign semantic labels within identified

foreground regions.

Rectified Bernoulli Distribution

The rectified Bernoulli distribution is also a conditional probability:

P(B,B|X) = P(B|B) - P(B|X) (4.2)

P(B|X) represents Bernoulli distributions that generate initial pixel-level background
probability maps, and P(B \B) represents a geometrical prior that refines the initial
predictions into more compact and smooth regions.

Denote a binary classifier as h(-), which inputs the feature map X. Then, the
probability of being background is defined as a sigmoid function:

p; = Sigmoid <h(Xi)> (4.3)

Where 7 indexes the spatial location. Therefore, we parameterize Bernoulli distributions
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as:

Di, by =1,
PbX) = (14)
1- Di, bi =0

Therefore, the initial background probability map B is denoted as the expectation of

our Bernoulli distribution:
B = P(b; = 1|X) = Sigmoid (h(Xl-)> (4.5)

That is h(X) activated by the sigmoid function. The binary classifier A(-) can be a
simple block consisting of a convolution layer followed by a normalization layer.
However, the missing spatial information in image-level labels leads to the derived
B suffering from blurred details, holes, and inaccurate boundaries. We need the
geometrical regularization to produce compact and uniform background maps B.
We introduce the total variation (TV) [56] to refine the initial background maps.
It removes value variations inside and preserves boundaries, making segments more

compact and complete. We defined the geometrical prior as the Gibbs Distribution:
. 1 .
P(B|B) = - F(B:5) (4.6)
where Z, is the normalization term and E(B, B) is the total variance:

. A .
E(B,B) =3B - B3 + [VBll2 (4.7)

where A is a scale factor, V is a gradient operator and || - |2 is Le-norm. According to

the heat equation [194], it can be solved as an iterative time-dependent surface:

0B VB ~
- = ——— | +AX(B - B 4.8
7 =) @ )
Therefore, we can obtain rectified background maps B after ¢ iterations:

VB,

B =B, —Vt-|V|—
A [ <||VBt||2

) + A(B - Bt)} (4.9)
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Conditional Categorical Distribution

Conditioned on the refined background regions B, we use image-level labels to compute
soft foreground assignment. Assume @Q € RX*¢ is an embedding space holding the
semantic information for K foreground classes. Because we only infer label assignments
within foreground regions, i.e., b; = 0, we can formulate the conditional foreground

classification as:

1 at XT.0x fik
P(F|B,X) = 7z H{ (- [] (e ; k>
(4.10)

where Z; is the normalization term, T is a transpose operator. Since ), fir = 1, we
can move 1 — p; inside.
Notably, if we denote log(1 — p;) as M € (—00,0), then the logarithm of the

conditional probability is a generalized form of masked cross-attention [105]:

HxW K
log P(F|B,X) = Y > Softmax(M; + X;" - Qk) - fix (4.11)

i=1 k=1
We approximate the foreground probability map F' as the expectation of the conditional
Categorical distribution and solve it as a process of soft k-means clustering. In order

to adapt the iterative process into feedforward neural networks, we unfold the soft

k-means clustering as follows:
@} = Softmax(M + X - Qi) - X + Qi (4.12)

Therefore, we linked masked cross-attention with soft k-means clustering to efficiently
extract semantic information for foreground classes. Consequently, we define an
embedding space where each Q% is a global prototype for the k-th foreground class
over the entire dataset. Moreover, Q% is a local prototype that is transformed ¢ times
based on the input data. To align with transformers, we extend Eq. to a more

generalized form, which allows soft k-mean clustering to work in a feedforward manner:

Q}f = Softmax (M + o(X)" - QF_,) - w(X) + Q) (4.13)
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where (-) and ¢(-) are linear projections respectively. In addition, we define our
conditional foreground label assignment as the normalized similarities between pixels

and local foreground prototypes:
F = Softmax (M + ¢(X)T - QF) (4.14)

Therefore, we named the iterative solution to the conditional Categorical distribution a
stack of Contextual Cross-Attention modules that compute conditional foreground
label assignments via a global-to-local prototype transformation. Thanks to smaller

variations in local prototypes, our method can improve the quality of F'.

4.3.2 Implementation

In this section, we elaborate on the details to implement three key components in
the CCA model: (1) how to exploit the unsupervised contrastive learning to infer the
missing background information. (2) how to integrate geometrical terms to enhance
the loss function in WSSS. (3) how to convert our probabilistic framework into the

well-established cross-attention mechanisms.

Unsupervised Contrastive Learning

It is necessary to train the binary background classification module to predict initial
background maps. However, image-level labels provide no background information.
Therefore, we adopt unsupervised contrastive learning to mine extra information across
images within a dataset. The core idea is that each representation should have intra-
class similarity and inter-class difference. Denote @, and ¥y as the feature representation
of foreground and background respectively:

—

. BgXxT
_ by =

(1-B)oXxT
Up = = ) =T
1Bl

_ 4.15
1= 5l (4.15)

Here, B € RVHW and X € RE*HW are flattened. Operators T and ® indicate the
transpose and matrix multiplication. In addition || - ||; denote the Ly norm. Therefore,
U and ¥ are mean vectors of each region.

In contrastive learning, we denote the pair of feature vectors from the same class
(e.g., background-background or foreground-foreground combination) as the positive
pair and vice versa. The core idea behind this is a fact of feature space. The feature

representations across images from the same class should be similar to one another
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but significantly different from those of other classes. Therefore, we can train a binary
classification by pulling close a positive pair and pushing apart the negative pair[87]:

i = cosine(v?, vf), sp = cosine(v¥, vf) (4.16)
where cosine(+) is the cosine similarity operator that outputs a real value between 0
and 1. Besides, k € {b, f} is either b or f. Finally, i and j are the indices of the image

within a mini-batch. Consequently, we can explicitly model the background as a set of

feature vectors that do not belong to any foreground class with contrastive learning

loss:
1 n n ne
LCST = — E E E log(l — 81 Jg)
e (4.17)
1 )
S S 11 log(s79°)
n(n—l);; [i73] 3

where 1;;) € {0,1} is an indicator function and it equals 1 if @ # j. In summary,

Legst considers the contrastive comparison both within image (¢ = j) and cross-image
(i #4)-
Geometrical Prior

We use TV regularization to refine the binary classification maps B generated by
contrastive learning, since background regions often exhibit holes or ragged boundaries.
According to the implementation detail of level-set methods [270], we define an auxiliary

surface ® € R1>*HXW and then the smooth surface B = In this chapter, we

1
14+e— %"

set Vt = 1 for simplicity, and implement V(&gl) as Gaussian curvature  [365].

Therefore, the iterative update rule in Eq.(4.9)) has become:
Biy1=(1+4X) - Bi—r—\- B (4.18)

We can adjust the smoothness of the background map while maintaining data fidelity
with the scale factor A. We tried different values for A and fixed it as A = 2. After
T iterations, we can obtain smooth background regions. In all experiments, we set
T = 3. Notably, we chose not to include the geometrical prior in the neural network’s
objective because adding Eq. as an area loss component leads to unstable training.
Consequently, we derived Eq. and used it iteratively. For correct backward
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propagation, the TV regularization module is detached from other modules, and the

rectified prediction is directly added to the original binary prediction for regularization.

Contextual Cross-Attention

To align with transformers, we integrate each iteration of contextual cross-attention with
a self-attention and a Feed Forward Network (FFN) into a decoder layer [I05]. To keep
the iterative update rules in the k-means clustering algorithm, we set 7' = 6 decoder
layers to capture global semantic information from multi-scale features and gradually
transform them into image-specific local prototypes to capture non-discriminative
foreground regions.

We use the cross-entropy function to compute classification loss between image

label Y and image-specific local prototypes Qr:
Lers = CrossEntropy (Y, W - Q) (4.19)

where W is a linear projection head for classification. Our predicted final semantic
segmentation map S is defined as a concatenation of rectified binary background

prediction B and conditional foreground label assignment F':
S=[B,(1-B)-F] (4.20)
Noted that, ZkK:O Si.k = 1 satisfies the spatial exclusivity.
4.3.3 Loss Function
In this chapter, the loss function is defined as
L=Lcrs+a- Lest (4.21)

where « is a weight factor to adjust the importance of contrastive learning loss. Because
the early background maps generated by contrastive learning are imprecise and noisy,
this significantly destabilizes the training process of the entire model. Therefore, we
first trained the contrastive learning head on the dataset, then used its weights as
the pre-trained backbone, and finally jointly trained it with CCA modules. In all

experiments, we set the o = 0.3.
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4.4 Experiments and Results

In this section, we conduct comprehensive experiments and ablation analyses of our

CCA model and demonstrate its advantages in both interpretability and efficiency.

4.4.1 Experimental Setup

Datasets. We evaluate the proposed CCA on the PASCAL VOC 2012 [167]. The
PASCAL VOC 2012 contains 20 foreground and 1 background categories. It consists
of three splits: 1,464 images for training, 1,449 for validation, and 1,456 for testing.
Following previous WSSS methods, we use the augmented 10,528 training images

present in SBD [228] along with their image-level labels to train the network.

Evaluation Metrics. To evaluate the segmentation performance of all methods, we
use the validation and test set of PASCAL VOC 2012. In addition, we use the PASCAL
VOC 2012 training set to evaluate background map performance and conduct ablation
studies. The mean Intersection-over-Union (mloU) ratio is the evaluation metric in all

experiments.

Training Details. In our experiments, we adopt ResNet50 [248] pre-trained on the
ImageNet [I38] as the backbone and use cascade CCA as in Mask2former [105]. We
train all the reproduced models using the AdamW [445] optimizer with a polynomial
learning scheduler. The augmentation strategy is the same as [83], including random
flipping, random scaling, and cropping. All models take a batch size of 16 on 2 NVIDIA
GeForce RTX 3090 GPUs.

Inference. To give a fair comparison, all models generate foreground cams and
background maps, convert them into pseudo-labels, and adopt a dense-CRF method
[338] as the post-process method for refinement. We further use these refined pseudo-

labels to retrain a semantic segmentation network DeeplabV2 [78§].

4.4.2 Results and Analysis

Improvements on background maps. We first evaluate background maps because
they are crucial to locating the foreground regions for subsequent foreground prototype
modeling. We compare the performance of generated background maps in correctly
separating the background from other foreground classes. Table compares CCA
with other advanced methods on the PASCAL VOC 2012 training set. Among these

144



Chapter 4. Weakly Supervised Semantic Segmentation

compared methods, WeakTr [862] achieves the best results with a mIoU of 58.1%. Our
proposed explicit background modeling obtains a better performance of 58.8%. Further-
more, we report the performance with dense-CRF post-processing. Our performance
with dense-CRF improves the mIoU to 65.7% and outperforms all other methods.
We interpret the performance gain derived from two aspects: (1) contrastive learning
can effectively mine supplementary information across different images to separate
background-foreground regions; (2) TV regularization can adaptively enforce smooth
boundaries of foreground regions at the pixel level. Therefore, the dense-CRF is less
confusing when refining the binary background maps. Figure [£.4] visualizes the results
of background maps on the PASCAL VOC 2012 train set. Our rectified background
maps effectively capture all semantic regions across diverse scenes, including varying
object scales, crowded scenes, and multiple categories. Notably, our model can correctly
suppress false responses when there is no background and large-scale objects fully
occupy the image. In contrast, other methods treat large-scale partial foreground

objects as background, since background is assumed always to exist.

SEAM SCCAM Image

SIPE

ki .
ﬂ
—-In
e

CCA(ours)

Figure 4.4: Visual comparison of CAMs. From top to bottom: original images, SCCAM,
SEAM, SIPE, and the proposed CCA. All columns on the left side of the dotted line demon-
strate the CAMs of the background. With geometric regularization, our CCA can effectively
suppress false responses from background regions. The two images on the right side have
no background, only large-scale foreground objects (i.e., a car and a bus). Other methods
mistakenly classify them as background regions, whereas our CCA correctly classifies them as
the car and the bus regions.

Improvements on initial pseudo-labels. To show the importance of background
modeling, we focus on the performance of initial pseudo-labels generated from back-
ground and foreground activation maps. Table shows that our method outperforms

all other approaches. We can interpret this as the explicit background modeling
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Method Model Regularization Extra labels Location Maps +dense CRF
SEAI\/’ICVPRQ(J[683; Thold - - 55.4 56.8
SCCAM{ypRraol62] Thold - - 50.9 55.3
EDAMcvypr21 [698] Thold - - 52.8 58.2
AdVCAl\lcvagl 13561 Thold AC - 55.6 62.1
ECSCVPRZI [600; Thold - - 56.6 58.6
OCCSE{¢cvo: 1342] - - - 56.0 62.8
AEFTEccv2:[768] - - - 56.9 60.3
CLIMScvpree[713] - AR S 57.1 64.2
SIPESypra2 83 Adapt - - 56.8 63.7
MCTformer¢yproo[734]  Thold - - 57.2 63.3
WeakTr} x;vo3[862] Thold - - 58.1 64.5
CCA(Ours) Const vV - 58.8 65.7

Table 4.1: Evaluation of background maps on the VOC 2012 train set. The symbol *
represents all reproduced methods. Thold - threshold. Const - contrastive learning. Adapt
- adaption of the foreground. AC - adversarial climbing. TV - total variation. AR - area
regularization. S - extra class-related background texts. -’ means not use. The best results
are shown in bold.

Method Backbone  Supervision Val dataset +dense CRF
SEAMcvpr2o[683] ResNet38 T 49.8 53.3
SCCAM¢y praol62] ResNet101 7 50.9 54.2
EDAMCVPR21 [698] ResNet101 T 51.5 54.4
AdVCAMCVPR21 [356} ResNet101 T 52.3 54.9
ECScvpra21[600] ResNet38 A 53.9 57.1
OCCSE{ccva [342] ResNet38 A 52.9 56.3
AEFTgcov22[768] ResNet38 T 54.9 57.3
CLIMSCVPR22 [713] ResNet101 A + S 56.8 62.0
SIPE y praa 83 ResNet38 7 56.3 61.1
MCTformeryproo[734]  ResNet38 T 55.3 60.7
WeakTr) iv23 [862] DeiT-S T 57.8 62.2
CCA(Ours) ResNet50 7z 59.2 63.4

Table 4.2: Comparison of initial pseudo-labels on the VOC 2012 val set. The symbol *
represents all reproduced methods. The best results are shown in bold. Z - image-level label
S - extra class-related background texts.

effectively removes irrelevant regions from the foreground and enforces a global-to-
local prototype transformation within well-separated foreground regions. Therefore,
the embedding feature space can capture more abstract information for global rep-
resentations of foreground classes while generating more locally adaptive details for

non-discriminative regions in each image.
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Improvements on fully supervised segmentation. To further evaluate the perfor-
mance of our methods, we train fully supervised models using refined pseudo-labels and
compare the segmentation results on PASCAL VOC 2012 val and test sets. Following
the common practice [356], IRN refined the pseudo-labels [3] and used them to train
DeepLabV2 [78]. Table presents the performance of semantic segmentation, where
our CCA outperforms other methods with 74.3% on the validation set and 74.1% on
the test set. Based on our CCA, DeepLabV2 shows greater robustness across various
challenging scenarios, including different object scales, multiple objects, and multiple
categories. In addition, Figure shows the semantic segmentation predictions from

our model trained with pseudo-labels.

Method Backbone  Supervision Val dataset Test dataset
SEAMcvpRr20 [683] ResNet38 T 64.5 65.7
SCCAM¢ .y praol62] ResNet101 T 66.1 65.9
EDAMcvprai [698) ResNet101 T 70.9 70.6
AdVCAMCVPRgl [356] ResNet101 T 68.1 68.0
ECSCVPR21 [600] ResNet38 A 66.6 67.6
OCCSE{ccva [342] ResNet38 T 68.4 68.2
AEFTECCV22 [768} ResNet38 T 70.9 71.7
CLIMScvprae[713] ResNet101 +S 70.4 70.0
SIPE{y pras 83 ResNet38 T 68.5 69.0
MCTformer¢yproo[734]  ResNet38 T 70.3 70.8
WeakTr) «ivas3 1862 DeiT-S T 72.2 72.3
CCA(Ours) ResNet50 z 74.3 74.1

Table 4.3: Comparison of WSSS on the VOC 2012 val and test sets. The symbol * represents
all reproduced methods. Z - image-level label. S - extra class-related background texts. The
best results are shown in bold.

4.4.3 Ablation Study

Effects of explicit background modeling. We conduct an ablation study to verify
the effect of explicit background modeling. We select 8 options and demonstrate their
mloUs in Table Each option concerns a single background modeling method when
using the TV term. We observe that the fixed-threshold method achieves the worst
mloU because no single threshold correctly separates background regions across all
images. Likewise, estimating background directly from CAMs [83] is also difficult due
to heavy reliance on the quality of foreground classifications. In addition, combining

background information from a series of binary classifications (used in adversarial
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Figure 4.5: Visualization of 21 inter-class groups using t-SNE. Our CCA can capture
abstract information to conceptualize each foreground class as a cluster in the feature space.

‘erson and bicyde ‘

Figure 4.6: Visualization of intra-class deviation in the Person class using t-SNE. Grey
dotted circles denote sub-groups. It illustrates the importance of global-to-local prototype
transformation in the feature space. Our CCA can transform the abstract global prototype
(red plus symbol) into image-specific local prototypes (broadly scattering dots) to capture
non-discriminative foreground regions.

learning methods [342]) can achieve performance comparable to that of the contrastive
learning method. However, they still face the challenge of spatial exclusivity across
different classes, a fundamental requirement for semantic segmentation. Therefore, the
presence of multiple responses in binary classifications ultimately degrades the mIoU
scores. Our explicit background modeling, with or without the TV term, achieves top-2
scores. We can interpret this superiority as correctly recognizing background regions

under different scenarios based on auxiliary cues mined from different images.

Effects of foreground prototype modeling. To understand how our CCA improves
the foreground representation quality, we analyze the properties of inter-class separation

and intra-class adaptation for our generated feature space via the t-SNE [638] technique.
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Fixed Threshold Derived from Foreground Adversary Learning Contrastive Learning

w/o TV 51.8 52.1 54.3 55.6
w/ TV 55.3 56.4 58.2 59.2

Table 4.4: Ablation study of background modeling options. Each item represents one
background modeling method with or without TV. The top 2 best results are in blue and red
respectively.

Figure visualizes the distribution of all local feature samples, where solid circles
denote all local representations and white plus symbols denote global foreground
representations. Although a small proportion of confusing samples exists at the center,
our generated feature space can still group most samples into their correct categories,
demonstrating the ability to distinguish between classes. The visualization supports
three important observations: (1) the background class is hard to model within a
definite feature space due to the large variation; (2) contrastive learning can extract
crucial information to represent image-specific background representations; (3) intra-
class deviation causes incomplete coverages using the global prototypes (i.e., large
variations of local samples to the white plus symbols). Furthermore, we analyze the
global-to-local transformation within the foreground class, Person, that interacts most
with other classes. Figure visualizes the distributions of local feature samples
co-occurring with various classes (e.g., motor, bicycle, car). CCA can adapt a single
global prototype (i.e., the plus symbol) into local prototypes to address intra-class
deviation. Additionally, we observe that the transformed local prototypes can capture
crucial image-specific low-level features and can be partitioned into sub-groups (grey
dotted circles). Therefore, our CCA can capture abstract information to conceptualize
each foreground semantic group, while transforming these representations into local
details to adapt to small intra-class variations across images. Therefore, it can generate

more precise partitions to cover non-discriminative foreground regions.

Effects of geometrical regularization. We perform ablation experiments on
the PASCAL VOC2012 train set to further validate the effectiveness of geometrical
regularization. Figure [4.7] shows that background maps from contrastive learning
may have inaccurate separations. We observe that the geometrical regularization
term TV can efficiently constrain the size of activated regions and generate smooth
boundaries separating background and foreground regions. The first row shows that
the TV prior can suppress falsely activated regions and contract the boundaries tightly
along the foreground. In addition, the second row demonstrates that TV can expand

background regions to cover the confusing parts. Therefore, it can exclude background
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Image w/o TV w/ TV

Figure 4.7: Ablation study on the effectiveness of TV term (see in Eql4.17). TV term can
suppress false response background regions (row 1) while expanding confusing regions (row 2).
The original images are from the PASCAL VOC 2012 data.

Image

Ground Truth

CCA(Ours)

Figure 4.8: Qualitative visualization of semantic segmentation. The original images are
from the PASCAL VOC 2012 data.

regions that are in close contact with the foregrounds. Table shows quantitative
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comparisons between different combinations. As shown, our geometrical regularization
term consistently improves performance by suppressing falsely activated regions and

expanding non-discriminative background regions.

4.5 Conclusion

This chapter presents a novel conditional probabilistic model with geometric regular-
ization for WSSS. Our CCA approach provides a new understanding of representation
learning within the WSSS paradigm. It separates semantic segmentation into two steps:
first, extracting background regions, and then classifying foreground classes outside the
background. We use Bernoulli distributions to model the background explicitly and
train them with contrastive self-supervised learning. Since the initial background maps
might be imprecise, we adopt a variational TV term to regulate their boundaries. Sub-
sequently, we define conditional Categorical distributions within identified foreground
regions to obtain conditional foreground classification and implement them as Contex-
tual Cross-Attention to capture long-range dependencies. Comprehensive experiments
demonstrate the superiority of our CCA over other WSSS methods. Future directions
include exploring advanced geometric regularization techniques and extending our

framework to fully-supervised and semi-supervised segmentation settings.
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Chapter Summary

Renal biopsies are the gold standard for diagnosing kidney disease. Lesion scores made
by renal pathologists are semi-quantitative and exhibit high inter-observer variability.
Automating lesion classification within segmented anatomical structures can provide
decision support in quantification analysis, thereby reducing inter-observer variability.
Nevertheless, classifying lesions in regions-of-interest (ROIs) is clinically challenging
due to (a) a large amount of densely packed anatomical objects, (b) class imbalance
across different compartments (at least 3), (c) significant variation in size and shape of
anatomical objects, and (d) the presence of multi-label lesions per anatomical structure.
Existing models cannot address these complexities efficiently in a generic manner. This
chapter presents an analysis for a generalized solution to datasets from various
sources (pathology departments) with different types of lesions. Our approach utilizes
two sub-networks: dense instance segmentation and lesion classification. We introduce
DiffRegFormer, an end-to-end dense instance segmentation sub-network designed for
multi-class, multi-scale objects within ROIs. Combining diffusion models, transformers,
and RCNNs, DiffRegFormer is a computationally friendly framework that can efficiently
recognize over 500 objects across three anatomical classes, i.e., glomeruli, tubuli, and
arteries, within ROIs. On a dataset of 303 ROIs from 148 Jones’ silver-stained renal
Whole Slide Images (WSIs), our approach outperforms previous methods, achieving
Average Precisions of 52.1% (detection) and 46.8% (segmentation). Moreover, our
lesion classification sub-network achieves 89.2% precision and 64.6% recall on 21889
object patches out of the 303 ROIs. Lastly, our model demonstrates direct domain
transfer to PAS-stained renal WSIs without fine-tuning.

Keyword: Renal Pathology Dense Instance Segmentation Diffusion Model Re-

gional Transformers Multi-label Lesion Classification

154



Chapter 5. Instance Segmentation

5.1 Introduction

The evaluation of expert pathologists of kidney biopsies remains the gold standard for
diagnosing and staging renal diseases [43]. Although biopsies digitalized into Whole
Slide Images (WSIS)E| have facilitated obtaining a visual morphological assessment
of different anatomical structures for disease categorization, high-quality diagnostic
assessments heavily depend on the correct lesion quantification manually annotated
by pathologists across structures within a biopsy. Figure shows an example of an
annotated region-of-interest (ROI)E| within a biopsy that contains hundreds of densely
packed tissue objects. The annotation would cost a skilled expert around 2-4 hours
for a complete biopsy. Due to the complexity and time-consuming nature of this
task, there is a strong need for automated structure annotation and tools for lesion
classification to facilitate further quantification, offload annotation time, and reduce
intra- / inter-observer variability [9] [591].

Deep learning based instance segmentation algorithms have demonstrated signif-
icant capabilities on biomedical datasets [738] [42], 308, 562, 139, [782] [407) [474] [179].
However, developing a generic framework for renal pathology remains a challenge. This
challenge can be broken down into four technical gaps and two practical issues. The
four gaps (see Figure are: (1) densely packed structures, up to 1000, per ROI;
(2) considerable variation in size and shape of objects (e.g., arteries can be up to 100
times larger than that of tubuli); (3) class imbalance (e.g., the tubulointerstitial area
occupies more than 70% on average in healthy and diseased renal parenchyma [42]);
(4) each anatomical structure may present multiple lesions. The two practical issues
are: (a) how to fuse multiple datasets with variation in staining to exploit scarce
annotations fully; (b) readiness for extensibility, i.e., cost-effective adaptation to new
lesion types from expanding datasets in clinical scenarios. Simultaneously addressing
these difficulties requires a universal framework that includes efficiency, staining style
(domain) transfer [187, [64T] [316], and flexibility for continuous learning [830] [140)].

Prior studies have demonstrated strong capabilities for lesion classification via dense
instance segmentation, but their paradigms lack scalability and adaptability to datasets
with potential changes in lesion composition. Some approaches [253], 42} 562 [437) [139]
adopted a two-step process: semantic segmentation followed by dataset-specific post-

processing to obtain final instance masks, which cannot be scaled to large-scale datasets

Lhttps://www.mbfbioscience.com/whole-slide-imaging-analysis/

2To prevent any confusion with 'Rol’ in RCNNs, we will hereafter use the term 'ROI’ solely in the
context of renal biopsies. To maintain clear distinctions in RCNN discussions, we will adopt the terms
’candidate regions’ or ’'regional proposals’.
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with dense objects of various shapes. Besides, each lesion is assigned to a single
semantic class, leading to difficulty with multi-label lesion classification and potential
changes in lesion combinations. Specifically, adding or removing lesions requires a
complete redesign and retraining of the model. Lastly, increasing the number of lesion
types requires adding more segmentation maps for prediction, which is significantly
resource-intensive.

Detection-based models with regional convolution neural networks (RCNNs) [301]
308] can efficiently detect dense anatomical structures and separately design lesion
classification heads for each class. They can therefore adopt a plug-and-play mechanism
and adapt to lesion changes by replacing the corresponding sub-modules and maximally
reusing the others. However, these variants are not scalable to multi-class objects
with varying scales and shapes because they rely on predefined bounding box anchors,
limiting their application to a single class with less variation in scale and shape, e.g.,
glomeruli.

Recently, transformers have been the prevailing anchor-free approach for multi-
class object detection across various scales and shapes. Transformer-based instance
segmentation leverages attention mechanisms and learns latent representative em-
beddings (queries) from global contextual features to process highly varied objects.
However, existing models [53], [105, [573] are resource-intensive for dense structures in
large-scale datasets. That is due to two shortages: (1) a large number of static queries
from one embedding per object; (2) low instance map occupancy from one object per
instance map (depicted in Figure ) Hence, they are limited to processing classes
with sparse objects, like glomeruli.

In response to these challenges, we propose a generic and extensible system for
dense instance segmentation and lesion classification on large-scale datasets, robust
to changes in lesion combinations. Our design has two key components: (a) A novel
dense instance segmentation sub-network that recognizes basic anatomical structures,
i.e., glomeruli, tubuli, and arteries; (b) a lesion classification sub-network with a set
of independent heads that predict lesions for each class. It is crucial to separately
modularize lesion classification and dense instance segmentation for the big picture.
The segmentation of basic anatomical structures is a universal foundation for all
visual assessment systems. However, lesion classification is a task-driven downstream
application that may vary depending on the interests of users. Therefore, the robustness
of dense instance segmentation to local changes in lesion classification heads is beneficial
for the extensibility of our system and for expanding datasets in clinical scenarios.

More specifically, for dense instance segmentation, we propose a novel end-to-
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Figure 5.1: An illustration depicts a manually annotated ROI of a kidney biopsy, focusing
on glomeruli, tubuli, and arteries. There are three primary challenges encountered in
clinical renal biopsies: (1) a large number of objects closely touching each other; (2) the
significant variation in size and shape among different instances; (3) the distribution of classes
is heavily biased.
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(a) regional segments (b) ground-truth (c) instance segments
Figure 5.2: Comparison between regional segments and instance segments. (a) cropped

instance maps from bounding boxes tightly surrounding each object; (b) ground-truth bounding
boxes and instance segments within one image; (c) separated entire instance maps per object.
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end approach, named DiffRegFormer, which effectively combines the advantages of
diffusion models, RCNNs, and transformers to tackle dense objects across multiple
classes and scales. Diffusion models [260] generate bounding box proposals from
Gaussian noise, and therefore eliminating the need for pre-defined anchors; RCNNs
efficiently crop dense instance maps into dense regions which have very high occupancy
rate w.r.t. the bounding boxes (see Figure (a)); Cross-attention mechanisms
with dynamic queries [65] [367, [808], [109] [368] extract long-range contextual features
and enables robust representation of objects across varying scales. DiffRegFormer
is not just a simple assembly of the aforementioned techniques. Such assemblies
may suffice for sparse instance segmentation on datasets like MSCOCO [415]. They,
however, fail in the context of dense instance segmentation of kidney biopsy ROIs.
The crux lies in the proposals, which are essentially Gaussian noise during the early
training stage of diffusion models. Those noisy candidates, consequently, hinder training
due to accumulating errors. Our ablation study analyzes these effects in detail (see
section and highlights the importance of our specific designs. Specifically, we
introduce the following key innovations to address the challenges for dense instance

segmentation:

e Regional features: Similar to RCNNSs, feature maps are cropped using generated
proposals and converted to dynamic queries for efficient long-range dependency

modeling; this is robust to large-scale variations.

e Feature disentanglement: Instead of using shared feature maps, we redesign
the model structure to generate separate feature maps for the bounding box
decoder and mask decoder; this is crucial to stabilizing the training of the mask

decoder.

e Class-wise balanced sampling: Unlike conventional sampling methods, we
propose a novel sampling approach. The key difference is to select class-wise
balanced positive samples among the ground-truth boxes instead of the

proposal ones.

In conclusion, based on these key designs, the proposed model is a generic and
extensible approach for large-scale datasets with minimal overhead. To the best of our
knowledge, DiffRegFormer is the first end-to-end framework that combines a diffusion-
based method with a transformer in an RCNN-style architecture to efficiently process
dense objects within ROIs for multi-scale and multi-class tasks. Figure depicts a

flow chart of the dense instance segmentation sub-network.
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Each anatomical structure has a dedicated classification head for the lesion classifier,
since lesion classes can vary across datasets. In Figure we input the croppings
of anatomical structures and resized them to the same size. Each head is trained
only with patches of the specific structures and learns to predict multi-label lesions
over each class. Our dataset currently only contains sclerotic glomeruli and atrophic
tubuli. However, the lesion classifier is extensible to the expanded large-scale dataset
at minimal cost, because adding, removing, or replacing heads does not disrupt the
other modules.

Our work aims to propose a generic technical solution that has flexibility and
scalability for automating lesion classification on dense anatomical structures in clinical
scenarios. It works as the foundation for further quantification analyses. The main

contributions of this chapter are the following:

e We propose the first end-to-end dense instance segmentation that effectively
combines diffusion models, RCNNs, and transformers for multi-class, multi-scale
objects. More importantly, our model can directly process ROIs of kidney biopsies,

avoiding patch splitting.

e We propose novel designs to address the accumulative errors caused by diffusion

models at an early stage and stabilize the training process.

e We propose a novel class-wise balance sampling method to improve detection

and segmentation performance.

e Instead of the static queries used in transformers, we convert regional features
into dynamic queries and model the long-range dependencies between regional

features while avoiding performance deterioration on dense objects.

o We compare DiffRegFormer with previous models that can process multi-class and
multi-scale objects within ROIs in an end-to-end manner. Our model outperforms

the previously published models in evaluating Jones’ silver-stained images.

e We show that DiffRegFormer has the potential of stain (domain)-agnostic detec-

tion for PAS-stained images without stain-specific fine-tuning.

e QOur lesion classifier can achieve multi-lesion classification. In addition, our plug-
and-play strategy can flexibly adapt to large-scale datasets while accommodating

potential changes in lesion combinations with minimal overhead.

The remainder of the chapter is organized as follows. In section [5.2] all relevant work is

introduced, and we elaborate on all improvements w.r.t. previous research. In section
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Figure 5.3: Our DiffRegFormer is a one-stage anchor-free method. Instead of predefined
anchors, we add Gaussian noise to ground-truth boxes and generate a fixed-sized set of
random bounding boxes (bbox). With feature maps extracted from the encoder, the bbox-
decoder iteratively learns to denoise and predicts class-wise candidate boxes. Due to the
uneven distribution of candidates, we propose a sampling module that effectively discards
negative samples while maintaining a balanced proportion of positive samples to facilitate fast
convergence. Finally, we generate the output instance masks based on the selected positive
samples in the mask-decoder. For simplicity of illustration, we choose only one anatomical
object per class (artery, tubule, glomerulus).

[-3] we describe each component of our model in detail. In section [5.4] we demonstrate
the extensive evaluation of our model, including comparison experiments and ablation
studies. In section [5.5] we describe the advantages and limitations of our pipeline and

show possible future follow-up research.

5.2 Related Work

Semantic Segmentation with Post-Processing: In the context of lesion classifica-
tion of dense structures for renal biopsies, semantic segmentation with post-processing
has drawn substantial attention. Previous studies [253] [42] [562] [139] treat anatomy-
wise lesions (e.g., atrophic tubuli) as semantic classes alongside basic anatomical
structures (e.g., arteries, glomeruli). An auxiliary border class is often used during
training to facilitate splitting semantic masks into distinct instances. This approach
has demonstrated notable performance. However, challenges are faced in scalability
and adaptability to large-scale datasets with potential changes in lesion composition.
These issues are at hand as (1) Reliance on ad-hoc procedures (e.g., thresholding and
morphological operations [200]) for border generation reduces generalizability. (2) Due

to the inflexibility of dataset change, any modification to lesion types necessitates
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model redesign and retraining. (3) Computational cost scales with lesion classes in
the dataset. (4) The difficulty in modeling long-range correlations between objects
of varying size due to splitting ROIs into tiles. (5) It cannot tackle multi-label lesion
classification. In contrast to these issues, our end-to-end framework addresses them by

directly modeling dense objects within ROIs using attention mechanisms.

Diffusion Model: Diffusion models, a class of deep generative models [260, 492], learn
to approximate complex distributions through iterative denoising. Despite success in
data generation [278] [499] [374], natural language processing [380], audio processing
[518], and self/weakly-supervised learning [170], their application to dense instance seg-
mentation remains limited. Initial attempts have been to introduce diffusion models to
segmentation tasks [85] 209]. The adaptation to dense instance segmentation, however,
remains challenging. From our ablation studies, we formulate two primary challenges:
(1) The potential dominance of the diffusion modules over feature learning in shared
feature maps destabilizes the training of instance prediction modules. (2) Accumulative
errors from the diffusion module’s early training stages impair the accuracy of dense
object predictions. Our approach introduces innovative strategies to overcome these
challenges, enabling the first successful implementation of a diffusion model for dense

instance segmentation.

Transformer: Transformer-based approaches introduce an anchor-free paradigm in
an end-to-end manner for instance segmentation, leveraging their capability to capture
long-range dependencies and aggregate contextual information. In general, the depen-
dency extraction process is called an attention mechanism, and each context feature
is treated as a query for object representation. Early transformer-based methods
[63] 105, 573] rely on static queries to model all objects within a dataset. These
approaches are incompatible with dense object scenarios because the static query set
inevitably expands with dataset size. Recent works [367, [808], 109, B68] advancement to-
wards dynamic queries, allowing for temporary modeling of objects within a mini-batch.
In this manner, the complexity of processing dense objects is reduced. However, their
instance segment representation remains inefficient for dense instance segmentatiorﬂ
due to the expensive representation of instance segments (Figure [5.2](c)) with low
occupation rate. Our DiffRegFormer addresses this by integrating region proposals

with transformers for improved representation efficiency.

3We conducted experiments on our dataset from the official code of both. Compared to our
approach, they required more than twice the GPU memory at a batch size of 2 and 500 queries. That
is not infeasible for applications with dense objects.
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RCNN: The Regional Convolutional Neural Network (RCNN) framework [197, [545]
effectively generates candidate regions (i.e., proposals) for dense objects. In instance
segmentation, RCNN-based methods use mask modules to predict binary instance
masks within proposals. Early variants [245] 284] 30T, [B08] relied on class-agnostic
proposals followed by class-specific mask prediction, constrained by predefined anchors.
More recent approaches [I77] have explored the mapping from proposals to static
queries, employing cross-attention mechanisms for instance mask prediction. However,
this paradigm faces scalability issues in dense object segmentation due to the com-
putational overhead associated with static queries (see QuerylInst in Table . Our
method adopts dynamic queries, balancing computational efficiency and scalability for
dense instance segmentation.

In summary, our work combines diffusion modeling and attention mechanisms into
an RCNN-style framework that addresses the scalability, adaptability, and efficiency
challenges inherent to existing approaches for dense instance segmentation in renal

biopsies.

5.3 Methods

In this section, we first introduce the basic conceptions for the diffusion models. Then,
details of all core components are elaborated. Finally, implementation information is

added for the training and inference stages.

5.3.1 Preliminaries

Diffusion model. Diffusion approaches [583] 548] are a family of deep generative
models inspired by the principles of non-equilibrium thermodynamics [581] 278]. Their
operation is conceptualized as a T-step sequential process that iteratively transitions
from an initial state Zy to a final state Zp, which is pure noise. Diffusion forward
involves progressively adding Gaussian noise at each transition. Due to the special
properties of the Gaussian distribution [260], it is possible to sample any intermediate

noisy state Z; directly:
4(Zi|Zo) = N(Zi|VauZo, (1 — au1)) (5.1)

where Zj is the original data, Z; (¢t < T) is the latent state at step ¢, and &; is the

cumulative noise variance schedule [85]. Notably, the diffusion forward process does
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not introduce trainable parameters. The objective of a diffusion model is to learn the
reverse process. A neural network, fp(Z;,t), approximates the recovery of the original
distribution Z; from a noisy state Z;. Training optimizes this network by minimizing

a loss function to denoise at an arbitrary intermediate state t:
1 2
L= §||f9(Zt7t) — Zo|| (5.2)

where Zj represents the ground-truth and Z; is the noisy input. During inference, the
model fy reconstructs from pure noise Zr to the predicted data Zy through a series
of reverse updates [583] with a step-size s: Zp — Zp_s — -+ — Zy. See [583] for a

detailed derivation.

5.3.2 Dense Instance Segmentation Model

Iterative proposal generation in DiffRegFormer requires multiple model executions
during inference. That poses a computational burden if the entire model runs on the
raw image at each training step. To address this issue, we decouple the image encoder
from the remaining modules. This strategy enables the encoder to extract multi-scale
feature maps from the raw input image only once. Then, subsequent modules operate
iteratively to refine box and mask predictions from an initial state of Gaussian noise,
conditioned on these deep features. Moreover, to facilitate the mask-decoder training,
we introduce a novel sampling module that randomly selects positive samples from each
class, ensuring a balanced distribution of class-wise regional features. That facilitates
the learning of object representations at lower frequencies in the dataset.

In summary, the DiffRegFormer comprises four components:

e Encoder: Processes the raw input image once to extract multi-scale feature

maps for the bbox-decoder and mask-decoder separately.

e Bbox-decoder: Utilizes the extracted feature maps to iteratively refine bounding

box predictions.

e Sampling Module: Stabilizes the training by randomly selecting class-wise

balanced positive samples for the mask-decoder.

e Mask-decoder: Iteratively refines mask predictions based on the sampled

regional features.
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Encoder

The image encoder extracts high-level feature maps from the raw image for subsequent
decoders. To generate multi-scale feature maps, it utilizes a ResNet [248] pre-trained
on ImageNet [I38] as its backbone, followed by a Feature Pyramid Network (FPN)
[414]. After FPN, a stack of 3 x 3 convolutional operations is applied to produce two

separate feature maps, thereby decoupling the bbox-decoder and mask-decoder.

Bbox-decoder

The bbox-decoder builds upon DiffusionDet [85]. As shown in Figure (a), a set
of random boxes and multi-scaled feature maps is first taken from the encoder as
input. Then, dynamic queries (Figure ) are initialized from a regional pooling
operator (RoIAlign [245]) and a feed-forward network (FFN) [642]. These queries
undergo iterative refinement through multiple stages. Each stage takes proposal boxes
and dynamic queries from the previous stage, generating refined dynamic queries,
box predictions, and class predictions for the next stage. Figure [5.4f illustrates one
detailed refinement stage. First, new regional features (cropped by RoIAlign) interact
with dynamic queries (after a self-attention module) via dynamic convolution [97],
emphasizing regions likely containing objects while suppressing others. Next, the
enhanced regional features are processed by FFNs to produce refined box predictions,

box-wise classifications, and queries, respectively.
Sampling

Conventional RCNN models use intersection over union (IoU) to classify a proposal box
as positive if its ToU with a ground-truth box is > 0.5 [245]. This approach, however,
is ill-suited to diffusion methods, particularly in early training stages when they
predominantly produce noise. That can complicate convergence or even cause failure
due to error accumulation. Further, conventional IoU-based methods are susceptible
to class imbalance, biasing the learning process towards frequently occurring objects
and neglecting rare instances. We therefore propose a novel sampling method to
address these issues. We first replace proposal boxes with ground-truth boxes to ensure
a sufficient supply of positive samples. That is justified because the bbox-decoder
aims to predict boxes that closely approximate the ground-truth. We then divide the
ground-truth bounding boxes into groups by class. Within each group, we randomly
select up to n boxes as positive samples without repetition. The core idea is that
objects of each class that have similar shapes and appearances can be mapped to a

cluster. Consequently, it allows us to learn instance feature representations with a
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small sample size n. The rule especially applies to the tubular class, which accounts

for most of our dataset. This sampling strategy offers three distinct advantages:

1. Rare Instance Learning: The mask-decoder can effectively learn represen-
tations of infrequently occurring instances whenever they appear in the input,
mitigating the risk of being overwhelmed by more common classes.

2. Randomize Frequent Instance: Learning on a randomized subset of frequent

instances prevents model overfitting.

3. Training Stability: Employing selected ground-truth boxes as positive samples

promotes stability and accelerates mask training.
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Figure 5.4: The bounding box (bbox)-decoder takes multi-scale feature maps and a set
of random boxes as input. Then, the predicted classes and boxes will be output iteratively.
(a) The module comprises an initialization head for dynamic queries (orange rectangle) and
multiple box refinement heads (blue rectangles). (b) In the orange rectangle in (a), the initial
dynamic queries are generated via a RolAlign pooling operator and a feed-forward network
(FFN). (¢) Each box refinement module (one blue rectangle in (a)) takes the previous stage’s
dynamic queries and proposal boxes as input, generating predictions and refined dynamic
queries for the next stage. Abbreviations: dynamic queries: DQ, feed-forward network: FFN,
regional features: RF.
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Mask decoder

The mask decoder iteratively refines mask predictions by using regional features cropped
from multi-scale feature maps, based on boxes selected by the sampling module. Instead
of using static queries [105] [106], we compute cross-attention between dynamic queries
and positive regional features. That highlights effective queries and filters, enhancing
regional features by focusing on pixels within positive regions, thereby facilitating

accurate per-pixel instance score prediction (Figure [5.5)).

positive boxes DQ predicted masks
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cross-
:
RolAlign E

9

Figure 5.5: The mask-decoder takes multi-scale feature maps and a set of positive boxes
as input and predicts instance masks. The dynamic queries interact with regional features
via cross-attention and highlight only pixels within proposal boxes. Final instance masks are
generated from the enhanced regional feature maps. Abbreviations include DQ: dynamic
queries, FFN: feed-forward network, and RF: regional features.
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5.3.3 Lesion classifier

The lesion classifier comprises multiple independent lesion prediction heads. Each head
specializes in a specific anatomical structure (e.g., the glomerulus) and processes cropped
images of that structure to predict probabilities for multi-label lesions. Figure [5.6
illustrates this design. The architecture of a single head consists of three convolutional
blocks, followed by a max pooling operator. Each block contains a 3 x 3 convolution,
batch normalization, and ReLLU activation. We currently implement two prediction
heads: one for glomeruli (predicting sclerosis) and one for tubuli (predicting atrophy).

Notably, the modular design of the instance segmentation component allows le-
sion prediction heads to operate as independent plug-ins. This modularity is crucial
for seamlessly adapting the model to the expanding datasets, particularly in clinical

scenarios. It allows for the straightforward integration or removal of prediction heads
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glomerular lesion predictions
ID normal sclerosis
1 0.87 0.13
2 0.17 0.83

glomerular lesion head

tubular lesion predictions

1D normal atrophy
tubular lesion head 3 0.88 0.12
4 0.27 0.73

input - cropped patches of anatomical structures output - class-wise lesions

Figure 5.6: The lesion classifier consists of 2 prediction heads, one dedicated to glomeruli
and the other to tubuli. It takes croppings of anatomical structures and outputs the probability
of class-wise lesions.

with minimal impact on the overall model architecture. For example, if new anno-
tations for arteries become available, a dedicated prediction head can be trained to
classify arterial lesions and integrate them into the model without modifying existing
components. Likewise, this design extends the model’s diagnostic scope to include
additional lesions within a given structure (e.g., tubuli) by simply replacing an existing
prediction head with a newly trained one on expanded data. This design promotes the
model’s versatility and long-term adaptability within clinical scenarios where the scope

of identifiable lesions may increase.

5.3.4 Implementation Details

The entire model employs distinct strategies for training and inference. During training,
the DiffRegFormer learns to reconstruct ground-truth boxes through adaptation at
state 0 from an arbitrary noisy state ¢ (Figure a)). Additionally, the sampling
module provides class-balanced ground-truth boxes to facilitate the mask decoder’s
training. Lastly, the lesion classifier operates on croppings generated from ground-truth
instance masks. Each prediction head specializes in classifying lesions specific to
the corresponding anatomical structure within these croppings. At the same time,
during inference, the DiffRegFormer assembles multiple predictions to refine final
results (Figure b). Moreover, the sampling module is deactivated, and all proposals
are directly forwarded to the mask decoder for instance segmentation prediction.

Likewise, the lesion classifier utilizes instance masks predicted by DiffRegFormer
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Figure 5.7: An illustration for a diffusion model at different stages depicts a simplified
process with 5 states (skip step=1), where state 4 is pure Gaussian noise and state 0 is the
ground-truth. (a) During training, a diffusion model randomly selects denoising paths to
train its decoder; (b) In inference, the Denoising Diffusion Implicit Model (DDIM) flexibly
alternates between denoising and corrupting paths, generating multiple predictions that are
then ensembled for a refined final result.

to crop structures. As a final step, each prediction head outputs probabilities for

class-specific lesions within the cropped regions.
Training

We start by constructing noisy boxes from the ground-truth. The DiffRegFormer is
then trained to recover bounding boxes and iteratively generate instance masks from
an arbitrary state t. The algorithm is detailed in Algorithm

Diffusion forward. Ground-truth boxes are first concatenated with additional random
boxes to align to a fixed length across images, accounting for the variability in instance
counts. Gaussian noise is then introduced as the noise scale governed by @ as per
Eq.. Following [492], the scale varies with state t using a monotonically decreasing
cosine schedule. It should be noted that, for optimal performance, the signal-to-noise
ratio requires a relatively high signal scaling value compared to image generation tasks
[88, 260, 144 090, [85].

Training Loss. The box decoder takes noisy boxes as input and predicts category
labels and box coordinates. Given the one-to-many relationship between ground-truth
and predicted boxes, first, a set-loss function is employed to match predictions to
the ground-truth based on the lowest cost [53, [602] [870]. Furthermore, the mask
decoder inputs sampled positive boxes and predicts instance masks. We use a binary
cross-entropy loss function due to the one-to-one mapping. Finally, since multiple

lesions can occur within a single crop, lesion classification uses a binary cross-entropy
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loss function for multi-label prediction within each head.

Sampling. Our implementation uses 3 classes and a maximum of N = 500 objects

500
3

ground-truth boxes are sampled without replacement, ensuring they do not exceed the

per image. We set up ton = ~ 166 instances per class. More specifically, positive
class-wise maximum. Moreover, we disregard classes that are absent in the input. For
example, if there are 2 glomeruli, 0 vessels, and 200 tubuli ground-truth boxes within
an ROI, then the sampling module would select 2 glomeruli, 0 vessels, and 166 random

tubuli as positive samples without duplication.

Algorithm 1: DiffRegFormer Training

def train(images, gt_boxes, gt_masks):
# images: [B,H,W,3], gt_boxes: [B,*,4], gt_masks: [B,H,W,G]
# B: batch size, N: number of proposal boxes

# generate multi-scale features via encoder

feats = encoder (images)

# generate noised boxes at state t, where t is a random integer
# in diffusion forward; Pad boxes to N with t_boxes: [B,N,4]
t_boxes, t = diffusion(gt_boxes, mean=0, std=1)

# generate initial dynamic queries

d_query = intialize_query(t_boxes, feats)

# learn to reverse noised boxes at state t back to ground-truth
boxes at state 0 and return refined dynamic queries
[pred_boxes, d_query] = box_decoder (t_boxes, feats, d_query, t)
# obtain bbox loss via the set objective function

loss_bbox = set_loss(pred_boxes, gt_boxes)

# randomly select balanced positive boxes from ground-truth boxes
pos_boxes = sampling(gt_boxes)

# generate predicted instance masks

pred_masks = mask_decoder (pos_boxes, feats, d_query)

# obtain mask loss via the set objective function

loss_mask = set_prediction_loss(pred_masks, gt_masks)

return loss_bbox, loss_mask

Inference

During inference, the DiffRegFormer starts from a standard Gaussian distribution
corresponding to the final state T" as defined in Eq.(5.1]). Then, a progressive denoising
operation reverses the predictions to the initial state 0. The algorithm, as depicted in

Algorithm [2] outlines this process.

Inference steps. Each inference iteration involves two primary operations. First,
the box decoder processes noisy boxes generated from the previous state tyoy and

predicts both categories and box coordinates. Subsequently, a Denoising Diffusion
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Implicit Model (DDIM) [480), 583] introduces noise into the previously predicted boxes.
This step generates new noisy boxes for the subsequent state tyext, thereby facilitating
progressive denoising across states. Notably, each iteration performs a single denoising
operation, transitioning from state tnow tO tpext. This characteristic allows for the
assembly of intermediate predictions from multiple denoising steps (i.e., t; — 0 where
i € [1,T]) to refine the outcome. However, DiffRegFormer performs inference only once
to improve efficiency, directly transitioning from pure Gaussian noise at state T to

state 0 to obtain the final predictions.

Box replacement. Predicted boxes can be categorized as either positive (scores
above a threshold, containing objects of interest) or megative (scores below the
threshold, arbitrarily located). Applying negative boxes directly to DDIM would
significantly degrade the quality of newly generated noisy boxes. This issue stems from
negative boxes that originated from corrupted boxes during the training phase, which
significantly deviate from the Gaussian distribution. To ensure consistency between
the training and inference phases, we substitute negative boxes with random boxes

sampled from a Gaussian distribution.

Algorithm 2: DiffRegFormer Inference

def infer (images, step, T):
# images: [B,H,W,3], step: skip length of state transform
# T: chain length, B: batch size, N: proposal box number

# generate multi-scale features via encoder
feats = encoder (images)
# return Gaussian noise as noisy boxes at state T;
# Pad boxes to N with T_boxes: [B,N,4]
[t_boxes, _] = diffusion(mean=0, std=1)
# generate state transform pairs skipping every step
# [(T, T-step), (T-step, T-2*step), ..., (step, 0)]
time_pairs = uniform(0, T, step)
# generate initial dynamic queries
d_query = intialize_query(t_boxes, feats)
# iterate over stages
for (t_now, t_next) iterate t_paris:
# predict boxes and dynamic query at state t_now

[pred_boxes, d_query] = box_decoder(t_boxes, feats, d_query, t_now)
# generate new noisy boxes from state t_now to t_next
t_boxes = ddim(t_boxes, pred_boxes, t_now, t_next)
# replace undesired boxes with random Gaussian noise
t_boxes = box_repalce(t_boxes)
# generate predicted instance masks
pred_masks = mask_decoder (pred_boxes, feats, d_query)

return pred_boxes, pred_masks

170



Chapter 5. Instance Segmentation

5.4 Results

This section begins with an overview of the kidney biopsy dataset used in this study.
We then make a fair comparison between DiffRegFormer and established end-to-end
instance segmentation models specifically designed to handle dense, multi-class, and
multi-scale objects at the ROI level. In addition, to include retrospective reflection
in our analysis, we have compared our model with a semantic segmentation based
method [253]. The results of this comparison are presented in section and the
tables therein. All benchmark methods are reproduced utilizing the mmdetection
package [75] to ensure consistency. Further, we evaluate the performance of our
lesion classifier on cropped images of anatomical structures derived from the instance
masks predicted by DiffRegFormer. Additionally, we have conducted a complexity
analysis of DiffRegFormer to identify an optimal balance between its performance and
computational burden. Finally, we present extensive ablation studies on DiffRegFormer

that evaluate the impact of various training strategies.

Source Center Scanner WSIs | ROIs | Train Dataset | Eval Dataset
LUMC Philips UFS 65 142 130 12
AUMC Philips UFS 42 80 74 6
UMCU Hamamatsu XR 25 49 45 4
Leuven Philips UFS 16 32 - 32

Table 5.1: Origin of datasets digitized from various source centers with different scanners.
LUMC: Leiden University Medical Center. AUMC: Amsterdam University Medical Center.
UMCU: The University Medical Center Utrecht. Leuven: KU Leuven.

5.4.1 Datasets

The biopsy specimens were prepared according to the Pathology Laboratory Protocol
for kidney biopsies. A standard procedure of operations collected the tissues: core
needle biopsy, formalin fixed, rapidly processed by a routine tissue processor, embedded
in paraffin, serially sectioned at 2—4um, mounted onto adhesive slides, and stained with
Jones silver staining. The dataset comprises 148 patient biopsy samples (both transplant
and native kidneys) collected from the multi-center archives of the Departments of
Pathology at LUMC, AUMC, and UMCU in the Netherlands, or from the archive of
the Department of Nephrology at Leuven in Belgium. Before analysis, all biopsies were

anonymized by a pathology staff member. Annotation was performed using the ASAP
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Histograms of ROIs' Shortest Edges
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Figure 5.8: The histogram of the shortest edges of ROIs extracted from WSIs. In our
dataset, the shortest ROI length is 387 pixels, and the largest is 4565 pixels.

version 1.9 for WindowsEl and our custom software Slidescapeﬂ The 148 Jones-stained
renal WSIs were acquired from scanners at a resolution of PPM = 2 in BIG-TIFF
formatP] Openslidd’] was used to extract 303 ROIs at level 0 of the BIG-TIFF images.
Table outlines the dataset composition, and Figure illustrates the distribution
of ROI short sizes. Furthermore, only 115 LUMC PAS-stained renal WSIs were used to
test stain transfer. In particular, ROIs from the same WSIs were exclusively assigned
to either the training or the validation set. To train the lesion classifier, 21, 889 patches
of individual objects were extracted from 303 ROIs, including 916 glomeruli patches
with binary lesion labels (382 with sclerosis and 534 normal) and 20,973 tubuli patches
with binary labels (10,647 with atrophy and 10,326 normal), as detailed in Table

4https://computationalpathologygroup.github.io/ASAP/
Shttps://github.com/amspath/slidescape
Shttps://www.awaresystems.be/imaging/tiff/bigtiff.html
"https://openslide.org/
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5.4.2 Experiments

In our experimental analysis, we conducted a fair comparison of our proposed DiffReg-
Former against well-established end-to-end instance segmentation models: Mask R-CNN
[245], Cascade Mask R-CNN [50], and QuerylInst [I77], specifically designed to simulta-
neously handle dense, multi-class, multi-scale objects at the ROI level. All the models
under comparison employed a ResNet-50 [248] backbone pre-trained on the ImageNet
[138] and were trained on 249 ROIs over 40000 iterations. We utilized the mmde-
tection data augmentation pipeline: each ROI was first subjected to RandomFlip
with a 0.5 probability, followed by a random selection between RandomResize and
RandomCrop, also with a probability of 0.5. RandomResize adjusted the ROI to a
size with the shortest edge between 480 and 1333 pixels, while RandomCrop extracted
patches with the shortest edge between 384 and 600 pixels. Finally, pixel values were
normalized to (—1,1). As mmdetection supports training with variable image sizes,
all models were allowed to train on objects at multiple scales.

For feature extraction, we used 256 channels for queries. During both training and
inference, DiffRegFormer employed 500 dynamic queries, while QueryInst used 300
and 500 static queries, respectively. Cascade Mask R-CNN, Querylnst, and our method
each used 6 cascading stages. Table presents performance comparisons for object
detection w.r.t. bounding boxes and instance segmentation w.r.t. masks, respectively.
For all experiments, DiffRegFormer did not utilize refinement during inference (i.e.,
iteration set to 1). Notably, Mask R-CNN [245] and cascade Mask R-CNN [50] are
two-stage methods that employ RPN networks rather than dynamic queries. QuerylInst
is a one-stage method with static queries. In contrast, DiffRegFormer is categorized as
a one-stage method with dynamic queries. We adopted the Average Precision (AP)
used in MSCOCO [415] as the metric to evaluate the models’ performance in detection

and segmentation.

Detection. DiffRegFormer achieves an Average Precision (AP) of 52.1% for detection
with a ResNet-50 backbone, thereby surpassing competitors such as QuerylInst, Mask
R-CNN, and Cascade Mask R-CNN by significant margins. We observe that iterative
refinement improves detection performance for medium- to large-sized objects while
degrading performance for small objects. It suggests additional operations to mitigate
information loss for small objects during the refinement process. Furthermore, static
queries are less effective for handling dense objects, particularly when the number of

queries significantly exceeds the number of feature channels (300 or 500 compared to
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Bounding Boxes Instances
AP | APsy | AP7s | APs | APy | AP | AP | AP5o | AP75 | APs | APy | APy
QueryInst_300 | 37.8 | 59.3 | 474 | 13.5 | 21.5 | 474 | 389 | 59.4 | 435 8.8 19.0 | 44.1
QueryInst_500 || 30.1 | 31.5 | 22.8 0.9 8.7 24.1 | 325 | 319 | 22.7 0.4 7.8 27.7
Mask R-CNN 49.0 | 68.6 | 56.2 | 18.0 | 24.4 | 59.2 | 45.5 | 69.0 | 53.5 | 16.4 | 21.5 | 54.4
CMask-RCNN || 49.9 | 67.3 | 58.4 | 7.6 24.1 | 61.4 | 45.0 | 67.8 | 54.5 | 6.5 21.6 | 54.5
our model | DiffRegFormer || 52.1 | 71.1 | 57.7 | 154 | 27.4 | 61.4 | 46.8 | 71.6 | 52.8 | 14.1 | 23.6 | 54.2

one-stage

two-stage

Table 5.2: Overall evaluation results. All models use ResNet-50 as a backbone network
and have been trained for 40000 iterations on an NVIDIA GeForce RTX 3090 GPU with
a batch size of 2. APs5¢ and AP7s denote AP with fixed thresholds for IoU ratio 50% and
75%, respectively. APs, APy, and APy, correspond to AP on small, medium, and large-sized
objects, respectively. The best results are highlighted in bold. CMask-RCNN represents
Cascade Mask R-CNN.

256), leading to a marked decline in detection performance.

Instance segmentation. DiffRegFormer achieves a 46.8% AP for instance segmenta-
tion and thus outperforms its counterparts. Moreover, applying iterative bounding box
refinement significantly affects instance segmentation performance. This effect can be
attributed to the binary segmentation process within the boxes, where the quality of
the instance masks is inherently linked to the recall and precision rates of the bounding
boxes.

Table [5.3] presents the performance per object class. Our model demonstrates an
overall superiority in detecting all anatomical structures compared to other methods.
Additionally, it performs better in glomeruli and arterial instance segmentation, while
maintaining a slight advantage in tubular segmentation. These findings indicate that
our model can process dense, multi-class objects with diverse scales at the ROI level.
However, for each model, we observe a performance bottleneck in processing arteries,
limiting clinical application due to significant size variation within the dataset. For
instance, the largest arteries are two orders of magnitude larger than the smallest. The
difficulty suggests that more sophisticated attention mechanisms are needed to capture
global contextual information in the face of these extreme scale variations.

Figure demonstrates DiffRegFormer’s capability to detect objects at various
scales effectively. It accurately generates instance masks within bounding boxes,
demonstrating precise localization of larger arteries (see the second row). In contrast,
Cascade Mask R-CNN struggles to localize large objects within a single bounding
box because it lacks an attention mechanism to capture long-range dependencies.
Furthermore, Mask R-CNN tends to produce multiple detection results for a single
object (see the third row) because it lacks cascade refinement. These observations
suggest that iterative bounding box refinement during training significantly reduces

multiple predictions per object. At the same time, the attention mechanism with
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Bounding Boxes - Glomeruli Instances - Glomeruli
AP [ AP5y [ AP75 | APs | APy | AP, | AP [ AP5 | APy5 | APs | APy | AP,
one-stage QueryInst_300 || 62.6 | 74.5 | 71.6 - - 63.7 | 56.1 | 74.5 | 68.1 - - 57.1
Querylnst 500 || 36.7 | 47.5 | 44.0 - - 37.6 | 35.9 | 47.6 | 43.6 - - 37.3
twostage Mask R-CNN 69.4 | 85.8 | 78.6 - - 70.4 | 67.0 | 85.8 | 78.8 - - 68.1
© CMask-RCNN || 70.7 | 84.0 | 81.7 - - 72.1 | 65.1 | 84.0 | 79.8 - - 66.4
our model | DiffRegFormer || 80.9 | 94.2 | 89.8 - - 80.9 | 74.3 | 94.2 | 80.9 - - 74.3

—

Bounding Boxes - Arteries nstances - Arteries
AP | APsy | AP75 | APg | APy | AP, | AP | APs | AP7s | APs | APy | APy,
QueryInst_300 || 18.8 | 37.0 | 19.1 52 | 20.2 | 206 | 175 | 36.3 | 148 | 45 | 179 | 194
QueryInst_500 4.5 10.0 2.9 0.5 5.6 4.5 4.7 10.5 3.8 0.1 5.3 5.3
Mask R-CNN 225 | 403 | 235 | 20.2 | 194 | 289 | 20.1 | 414 | 180 | 20.2 | 174 | 254

one-stage

wo-stage |\ TNLSk-RCNN || 23.0 | 35.0 | 26.9 | - | 17.8 | 33.3 | 20.0 | 304 | 219 | - | 169 | 275
our model | DiffRegFormer || 25.7 | 46.9 25.8 135 | 23.9 | 31.6 | 23.4 | 48.8 20.2 | 20.2 | 20.4 | 30.1
Bounding Boxes - Tubuli Instances - Tubuli
AP | AP5 | AP75 | APs | APy | AP, | AP | AP5 | APy | APs | APy | APL
Querylnst_300 45.8 | 66.4 514 | 21.8 | 44.3 | 579 | 41.2 | 67.3 47.6 13.1 | 39.0 | 55.8
one-stage

QueryInst 500 || 21.2 | 37.1 | 21.7 1.3 20.3 | 30.1 | 20.6 | 375 | 20.7 0.7 18.1 | 40.5
Mask R-CNN 575 | 79.6 | 66.4 | 15.8 | 53.8 | 78.2 | 51.4 | 79.9 | 62.3 | 12.7 | 47.3 | 69.8
CMask-RCNN || 58.1 | 79.9 | 66.5 | 15.1 | 54.4 | 78.8 | 51.8 | 80.0 | 61.7 | 13.0 | 47.9 | 69.6
our model | DiffRegFormer || 58.5 | 80.2 | 67.9 | 19.9 | 51.0 | 754 | 55.8 | 80.6 | 62.3 | 16.6 | 45.6 | 64.5

two-stage

Table 5.3: Per-class evaluation results. All models use ResNet-50 as the backbone network
and have been trained for 40000 iterations on a single NVIDIA GeForce RTX 3090 GPU with
a batch size of 2. APso and AP75 denote AP with fixed thresholds for IoU ratio 50% and 75%,
respectively. APg, APy, and APr, correspond to mAP on small, medium, and large-sized
objects, respectively. The best results are highlighted in bold. CMask-RCNN represents
Cascade Mask R-CNN.

dynamic queries processes large-scale objects. Nevertheless, Querylnst, with its reliance
on static queries, may struggle to effectively detect all instances in datasets with
significant size and shape variations. QuerylInst-300 tends to miss many structures,
while QueryInst-500 can even degenerate into generating multiple false predictions
for a single object. Furthermore, RCNN-based models share a limitation: a single
pixel may be allocated to multiple instance masks due to pixel-wise predictions within
each independent ROI. It inherently prevents enforcing the spatial exclusivity of
pixels to instances. Additionally, Figure shows DiffRegFormer’s potential for
domain transfer, generating reasonable results on PAS-stained images despite being
trained exclusively on Jones’ silver-stained images. Moreover, Figure highlights
that DiffRegFormer, combined with sliding window and stitching techniques, can be

effectively applied to WSIs, further demonstrating its effectiveness.

Lesion classification. The data augmentation pipeline for training the lesion classifier
is relatively straightforward. We set the batch size to 96 for the input croppings, with
32 patches per class. Each crop is first subjected to RandomFlip with probability 0.5,
followed by resizing to 256 x 256 pixels. Finally, pixel values are normalized to the
(—=1,1) range. As shown in Table the classifier achieves an overall precision of
89.2% and a recall of 64.6%. More specifically, per-class precision for atrophic tubuli
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Input GT DiffRegFormer Cascade Mask-RCNN Mask-RCNN Querylnst-300 Querylnst-500

Figure 5.9: A visual comparison of different instance segment methods on Jones-stained
kidney biopsies. It shows that our model, i.e., DiffRegFormer, outperforms in detecting
objects of diverse sizes and shapes. Despite some instances overlapping, it generates precise
instance masks over each region. Mask R-CNN based models struggle to localize a single large
object within a single bounding box because they lack mechanisms to capture long-range
dependencies. Querylnst with static queries fails to process dense objects since it fails to
detect objects of each class within one ROI.

Figure 5.10: A visualization of the results of our model (DiffRegFormer) on the PAS-stained
kidney biopsies with increasing degrees of fibrosis and inflammation (from left to right), along
with variations in stain intensity.

is 85.1%, and 93.2% for sclerotic glomeruli. In addition, per-class recall is 40.5% for
atrophic tubuli and 88.7% for sclerotic glomeruli. Since the lesion classifier operates on

anatomical structure croppings generated by DiffRegFormer during inference, its recall
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Jones-stained renal WSI

Figure 5.11: A representative visualization of results from DiffRegFormer stitches showing
predicted dense instance objects from a WSI of a Jones-stained renal biopsy.

rate heavily depends on the performance of our dense instance segmentation model.
However, the high precision indicates that lesion classification on correctly cropped
structures is very accurate. In summary, improving the performance of DiffRegFormer
is expected to further improve the lesion classifier’s recall. Figure [5.12] visualizes the
mapping of lesion predictions onto the instance segmentation results. It reveals that

our model can serve as a solid foundation for further clinical diagnosis.

Metrics for Instance Segmentation

We have computed a set of commonly used metrics to assess the performance of our
method in a broader scope. These are DICE, MASD (mean average surface distance),
FLOPS, inference speed, and the number of parameters. In Table we observe that
our method outperforms other approaches in segmentation performance, as indicated

by the DICE and MASD values. Resource efficiency, however, is moderate. The
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Figure 5.12: A visualization of the results of the lesion classifier predicting the probability
of class-wise lesions on an ROI. Combined with dense instance segmentation, our model can
generate per-instance lesion identification.

Experimental Settings Tubuli Lesion Classification || Glomeruli Lesion Classi.ﬁcation
Normal Atrophy Normal Sclerosis

Train Dataset 10326 10647 534 382

Eval Dataset 906 568 51 22

Per-class Precision 85.1 93.2

Per-class Recall 40.5 88.7

Overall Precision 89.2

Overall Recall 64.6

Table 5.4: Lesion dataset configuration and classification Performance.

main cause of resource cost is the attention mechanism, as seen in Querylnst and
DiffRegFormer. To that end, it is beneficial to adopt more efficient attention algorithms
to accelerate inference speed and reduce resource burden, tailored to the practical
clinical agenda. In addition, the varying arteries across multiple scales make it difficult
to obtain high-quality instance masks. All methods have illustrated a large average

surface distance between the predicted and ground-truth boundaries.

Comparison with Segmentation Based Method

To supplement our analysis in terms of completeness, we have conducted a retrospec-
tive analysis that reproduces a semantic segmentation based instance segmentation

framework [253]. We denote this method as a semantic method and compare its results

FLOPS | Inference Speed | # Parameters
MASD | DICE (Trillion) (Second) (Million)
One-Stage QuerylInst_300 7.49 42.6 0.41 1.425 173
QuerylInst_500 | 10.95 35.9 0.55 1.647 246
Two-Stage Mask R-CNN 4.78 50.7 0.20 0.864 43.98
CMask-RCNN 3.87 52.1 1.72 1.156 77.03
Our Model | DiffRegFormer | 3.64 56.6 0.55 1.324 140

Table 5.5: Additional metrics for instance segmentation assessment.
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Bounding Boxes Instance Extra Metrics
FLOPS | Inference Speed | # Parameter
AP | APso | APz | AP | APso | APrs | DICE | MASD (Trillion) (Second) (Million)
DiffRegFormer 52.1 | 71.1 | 57.7 | 46.8 | 71.6 | 52.8 56.6 3.87 0.55 1.324 140
Semantic Method | 44.6 | 64.8 | 46.7 | 40.3 | 65.3 | 44.6 45.4 7.86 1.24 0.760 32.8

Table 5.6: Overall evaluation result. The semantic method is an instance segmentation
framework that combines semantic segmentation with a post-processing operation. We have
reproduced it following the literature [253]. AP denotes average precision. AP5q and AP75
denote AP with fixed thresholds for IoU ratio 50% and 75%, respectively.

with ours. In Table an overall comparison is depicted. Our method outperforms
the semantic method in prediction quality at the cost of increased inference time and
computational resources. It should be noted that these results are specific to this
dataset. In Table the superiority of our method per class is depicted. Furthermore,
Figure illustrates that the semantic method is more vulnerable to the segmen-
tation quality of the auxiliary boundary and interstitium class, which is insufficient
in separating objects that are tightly touching. Such touching objects are typical in

kidney tissue. Our method, on the contrary, can detect and segment each object.

Bounding Boxes - glo Instance - glo Extra Metrics
AP | APsy | AP79 | AP | AP5¢ | APy | DICE | MASD
DiffRegFormer | 80.9 | 94.2 89.8 | 74.3 | 94.2 | 80.9 78.8 1.21
semantic method | 75.6 | 82.4 81.2 68.3 | 84.3 70.1 70.6 8.68
Bounding Boxes - art Instance - art Extra Metrics
AP | AP5y | AP75 | AP | AP5o | APy; | DICE | MASD
DiffRegFormer | 25.7 | 46.9 25.8 | 234 | 48.8 | 20.2 30.2 25.94
semantic method | 10.3 | 25.8 13.6 11.5 | 249 | 10.3 16.3 49.14
Bounding Boxes - tub Instance - tub Extra Metrics
AP | AP5o | APys AP | APsy | AP75 | DICE | MASD
DiffRegFormer | 58.5 | 80.2 67.9 55.8 | 80.6 | 62.3 64.8 0.89
semantic method | 43.6 | 73.5 54.6 46.9 | 75.2 | 524 50.5 2.16

Table 5.7: Evaluation results per object class. AP denotes average precision. APso and
APr75 denote AP with fixed thresholds for IoU ratio 50% and 75%, respectively.

5.4.3 Complexity Assessment of Model Training

We start by analyzing the intrinsic class imbalance within our dataset. Of the total
structures (21,889 objects), 88% are tubuli, followed by 7% arteries (1679 objects),
and 5% glomeruli (1226 objects). This distribution is depicted in Figure (a),
highlighting the necessity of sampling to include more rare instances, such as arteries
and glomeruli, among the dominant tubuli. A violin plot, shown in Figure (b),

details the distribution of structure counts at the ROI level. On average, ROIs contain
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Input DiffRegFormer semantic method

Figure 5.13: A visual comparison between DiffRegFormer and the semantic method. The
upper row represents a zoom of the upper-box in the middle row. The lower row represents a
zoom of the lower-box in the middle row. The quality of the result w.r.t. the ground truth
labels can be convincingly assessed in favor of DiffRegFormer.

95 objects, with a maximum of 434. To accommodate all objects, DiffRegFormer is
configured to handle more than 434 per image. Figure (c) depicts the correlation
between the increase in computational cost and performance improvement. As expected,
we observe a turning point at 500 dynamic queries. This configuration yields a favorable
trade-off between complexity and efficiency, achieving 52.1% AP with 20.2 GB of GPU
memory. Specifically, ROIs contain an average of 5 glomeruli, 7 arteries, and 84 tubuli
with corresponding maximums of 74, 84, and 408. Setting the maximum number
per class to 166 is another feasible option for positive sample generation, as our
sampling approach ensures comprehensive inclusion of rare instances while maintaining
the rational proportion of the majority class. In conclusion, selecting a maximum
of 500 objects per image and 166 per class can effectively balance performance and

computational efficiency.

5.4.4 Ablation Study

The ablation study focuses on the effects of various training strategies and query
types on model performance. By analyzing our results, we can gain insights into the

specific characteristics of each strategy. This analysis highlights the significance of our
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Figure 5.14: Complexity Analysis on Jones-stained renal biopsy dataset. Figure (a) is the
sample occupation across our dataset. Figure (b) shows a violin plot for the sample number
distribution per class. Figure (c¢) shows trade-offs between performance and efficiency for
different experiment settings. The red square is the optimal setting, while the green circles
are sub-optimal settings.

improvements as key contributions to adapting an end-to-end instance segmentation

model to datasets with dense objects.

Queries

Static queries in transformer-based models struggle to represent dense objects in
large-scale datasets due to their static nature. Adequate accommodation to extensive
variations in object size and shape necessitates a proportional increase in query count.
Alternatively, dynamic queries, generated on-the-fly for each object in a mini-batch,
demonstrate superior adaptability to dataset complexity. Theoretically, assigning
more static queries could achieve performance comparable to that of dynamic queries.
However, our experiments indicate that increasing the number of static queries without
a corresponding increase in feature channels does not yield improvements. Consequently,
employing static queries for dense object processing in transformer-based models is
significantly less cost-effective than dynamic queries.

Table delineates our comparative analysis of varying query counts for both
dynamic and static queries, with the number of feature channels fixed at 256. We
observe that increasing the number of dynamic queries improves performance, whereas
increasing the number of static queries degrades performance. Figure further
illustrates the inherent challenge of achieving a favorable trade-off between complexity
and performance with static queries. Even with 500 queries, the model with static
queries fails to consistently detect structures across all classes. This limitation is
not attributable to class imbalance compared to the dynamic query strategy. In

conclusion, the dynamic query is a more efficient approach for datasets with dense
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Dynamic queries

Global queries

Ground-truth

Figure 5.15: A visual comparison from an ablation study on different query types. Dynamic
queries outperform static queries on detection. It should be noted that the static queries fail
to detect objects of all classes within one ROI.

objects, highlighting their superiority over static queries.

AP Number # 200 Query | # 300 Query | # 400 Query | # 500 Query | # 600 Query
Dynamic Query 33.6 39.4 45.8 52.1 51.7
Static Query 23.8 38.9 37.4 34.6 31.6

Table 5.8: Evaluation of detection performances on different types of queries. The best
result of each type is highlighted in bold.

Training strategies

feature | boxes | sample | glo-det | art-det | tub-det | all-det || glo-ins | art-ins | tub-ins | all-ins
X X X - - - - - - - -
X X v - - - - - - - -
X v X 75.8 24.9 56.4 52.4 - - 33.6 -
X v v 76.1 26.2 57.6 53.3 7.3 4.8 35.2 15.8
v X X - - - - - - - -
v X v 8.5 4.3 13.5 8.8 6.8 4.1 12.5 7.8
v v X 12.6 6.8 56.7 25.4 10.4 5.3 45.8 20.5
v v v 80.9 25.7 58.5 55.1 74.3 23.4 55.8 51.2

Table 5.9: Evaluation on combinations of different strategies. The symbol v denotes taking
one strategy, while the symbol X means taking the converse strategy. The best results are
highlighted in bold. glo: glomeruli. art: arteries. tub: tubuli. all: overall. det: detection.
ins: instance. ”-": not working. feature: if use separate feature maps between bbox-decoder
and mask-decoder. boxes: if use ground-truth boxes in the sampling process. sample: if using

class balance in the sampling process.

Training an instance segmentation model on datasets with dense objects, such as
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kidney biopsies, presents distinct challenges compared to common datasets with sparser
object distributions, such as MSCOCQO. Instance segmentation models typically employ
three strategies: (1) shared features between the bbox-decoder and mask-decoder; (2)
selection of positive samples from proposal bounding boxes; and (3) class-imbalanced
sampling. However, for dense object segmentation, we propose three alternative
strategies: (a) separate features for the bbox and mask decoders; (b) positive sample
selection directly from ground-truth boxes; and (c) class-balanced sampling. While the
conventional combination of shared features, proposal boxes, and biased sampling is
adequate for standard instance segmentation (see Figure , only the combination
of separate features, ground-truth boxes, and unbiased sampling proves to be successful
for dense instance segmentation. Table [5.9] evaluates the combinations above, with
conventional strategies marked with X and our proposed strategy with v/. Notably,
only five out of eight possible combinations can train DiffRegFormer.

Figure demonstrates that combining shared features, ground-truth boxes,
and biased sampling enables object detection across all classes. However, it fails
to produce accurate instance masks within these bounding boxes. The observation
suggests that the bbox-decoder dominates the shared feature representation, thus
hindering the mask decoder’s ability to extract pixel-wise information. Consequently,
all pixels within detected boxes are classified as tubuli. Moreover, biased sampling
impairs the mask decoder’s ability to learn features for rare instances (glomeruli and
arteries), leading to no pixel-wise classification within those boxes.

Additionally, Figure shows that shared features combined with ground-truth
boxes and unbiased sampling can detect and segment objects across all classes, albeit
with degraded mask quality. This degradation is likely due to the bbox-decoder’s
dominance within the shared feature representation.

In contrast, Figure reveals that separate features, proposal boxes, and
unbiased sampling lead to inaccurate object detection, probably due to the accumulation
of errors introduced by proposals during the early stages of diffusion model training.

Lastly, Figure demonstrates that separate features, ground-truth boxes, and
biased sampling result in correct detection and segmentation for only a small proportion
of tubuli. This finding further highlights the challenges caused by biased sampling in
learning features for rare instances.

In summary, shared feature maps lead the bbox-decoder to dominate feature
representation learning, impairing the mask-decoder’s ability to extract pixel-wise
information necessary for accurate binary instance masks. Biased sampling further

hinders the mask-decoder from learning information to segment rare instances (glomeruli
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Figure 5.16: Ablation study on combinations of different strategies. The images on the left
are ground-truth. The images on the right are our predictions.

and arteries), causing it to be overwhelmed by the majority class (tubuli). Finally,
using proposals for sampling rather than ground-truth boxes introduces cumulative
errors that disrupt training for both decoders, preventing the learning of contextual

information necessary for long-range correlations via attention mechanisms.
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5.5 Conclusion and Future Work

Our research introduces a novel framework for processing large-scale renal WSI datasets
that accounts for potential changes in lesion combinations. Our model performs better
in predicting lesions within dense objects, effectively handling multi-class and multi-
scale challenges at the ROI level. We present the first dense instance segmentation
module, DiffRegFormer, that seamlessly integrates a diffusion model with a transformer
in an RCNN-style architecture. This approach leverages the diffusion model to generate
refined object boxes, upon which a regional transformer creates dynamic queries that
are ultimately transformed into accurate instance masks within the boxes. Furthermore,
our lesion classifier accurately predicts class-specific lesions for each cropped structure.
The model demonstrates several advantages in handling dense object datasets: (1) its
iterative noise-to-box approach eliminates the dependence on prior knowledge about ob-
ject size and shape, facilitating rapid object localization; (2) dynamic queries, generated
on-the-fly for each object in a mini-batch style, ensuring scalability to large datasets;
(3) the modular design of the model, with independent plug-in prediction heads, allows
for replacement and promotes adaptability. This flexibility enables the efficient reuse
of trained components when upscaling to large-scale datasets. Experimental results on
Jones’ stained renal biopsies demonstrate that our model surpasses existing benchmarks.
Comparing results between methods based on the data is tricky. Measures like DICE
behave differently with different datasets. The comparison should be based on the
same dataset (cf. . In that case, results can be well understood and objectively
compared.

The current model needs further exploration to meet the rigorous requirements for
clinical applications. Still, it establishes a robust framework for dense, multi-class,
multi-scale object recognition at the ROI level, setting a solid foundation for future
computational improvements. Potential areas for future research include: (1) further
enhancing the compatibility of diffusion models with transformers like DETR to avoid
NMS post-processing. (2) developing innovative regional feature extractors to generate
more informative dynamic queries and mitigate the loss of information for small objects
during iterative refinements. (3) integrating spatial constraints into regional mask
inference to prevent erroneous assignment of single pixels to multiple instances. (4)
designing lightweight attention mechanisms to lessen the computational burden. In
conclusion, the approach presented paves the way for efficient and reliable automated

assessment as a tool for the workbench of renal pathologists.
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Chapter 6

Conclusions and Discussion

In this thesis, we have addressed six research questions. These questions comprise a
survey (Chapter [2)) and two application domains: the development of deep learning
in the image processing community and a specific focus on classification problems in
the computer vision domain. The themes investigated cover a general review of deep
learning variants and narrow to two specific classification cases: image segmentation
and object detection. In this chapter, we summarize the main findings of our research.
Additionally, we discuss and identify the challenges posed by our methods and possible

solutions to address them. Lastly, we suggest potential developments for future work.

6.1 Main Findings

In each chapter, we have proposed new views and approaches to address the corre-
sponding research questions. Here, we summarize these answers and present the main

findings inspired by experimental results.

Chapter [2] answers What is the current development in deep learning
models and their applications in image processing? Chapter 2 provides a
new perspective to track the development of deep learning models from CNN via
Transformers to the hybrid models, based on the extension and improvement of the
mathematical definitions of their core components: convolution and attention mecha-
nisms. Next, we elaborate on the fundamental elements of the typical architectures
and list other stand-alone methodologies that can help deep learning models in general.

Subsequently, a broad range of active research topics in the image processing domain
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has been highlighted, each with a revolutionized cornerstone application. Lastly, we
are interested in the limitations and challenges of modern deep learning architectures

and in providing direction for future research.

Chapter [3] takes the results from Chapter [2] and narrows down our research topic
on one specific case of image classification: semantic segmentation. In this chapter, we
offer a novel perspective to understand the cross-attention mechanism in the context
of semantic segmentation. The research question How can we explain an at-
tention mechanism as a probabilistic model that captures global cross-class
correlations in semantic segmentation tasks? is answered by our Variational
Gaussian Mixture Model. The framework interprets cross-attention as building a
multi-modal distribution via a Gaussian mixture and supports online updates (i.e.,
mini-batch style) via Bayesian update rules. Specifically, each semantic concept is
a centroid of a Gaussian distribution. It measures its uncertainty using correlation
matrices and gathers global class-specific information from the input feature maps
in the dataset. However, images with complex interactions among semantic concepts
yield ambiguous decision boundaries between classes. In general, a solution can be to
integrate more geometrical or structural constraints. Adding constraints has led to
the formulation of an additional research question How can we integrate
geometric constraints into a probabilistic model and solve it efficiently?
To answer this, we have extended our Gaussian Mixture Model to support arbitrary
additive geometric regularization. For simplicity without losing generalizability, we
choose the popular Total-Variance constraints and solve them with a level-set algorithm
for topological flexibility. Based on our experimental analysis, we conclude that our
probabilistic model is resource-friendly and scalable as the number of semantic classes

increases.

Chapter [4] further explores the cross-attention mechanism in semantic segmentation
under different conditions and constraints. In this chapter, we focus on generating
high-quality dense annotations without providing explicit pixel-wise supervision. The
so-called weakly supervised semantic segmentation (WSSS) is a very important task, as
annotation can be expensive, especially in expertise-intensive fields such as biology and
medicine. Although cross-attention is a powerful tool for extracting long-range depen-
dencies, WSSS suffers from an intrinsic deficit: incomplete information cannot infer the
correct full class assignment. Therefore, we propose a conditional probabilistic model
to separate the foreground segmentation from the missing background information. To

answer[RQ4k How can we interpret weakly supervised semantic segmentation
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as a feature space decomposition problem using conditional probabilistic
models? We adopt contrastive-learning algorithms to infer background information
across the whole dataset and interpret it as out-of-distribution information. Then,
foreground assignment only focuses on likely supplementary regions, subtracting the
background. Furthermore, we have observed that loss functions in WSSS exhibit equipo-
tential sets on their loss surfaces, leading to perplexity in distinguishing good from bad
assignment configurations. This phenomenon has given rise to an additional research
question [RQ5} How can we eliminate the equipotential of the loss surface in
weakly supervised semantic segmentation using geometric regularization?
Our solution is to add geometric regularization, like Total-Variance constraints, to
provide extra evidence for WSSS loss functions to reject the bad assignments. Our
implementation of the conditional model uses a masked cross-attention with a level-set
method. Through our experiments, we have achieved competitive results on a typical
dataset and demonstrated an explainable prototype transformation in the latent feature

space.

Chapter (5| focuses on another special case of image classification: instance segmenta-
tion/object detection on a biomedical dataset. We find that kidney pathology images
are too complicated to get acceptable performance by simply adapting existing algo-
rithms. The crux is that each image contains a large number (about 500) of anatomical
structures, spanning a wide range of scales and tightly packed together. To exacerbate
the situation, there are multiple anatomical types, but with a severe class imbalance.
Therefore, instance segmentation/object detection for Kidney pathology images re-
quires flexibility to handle varying scales and efficiency to accommodate dense objects.
It is promising to integrate the diffusion model and attention mechanism into RCNN
with three-fold advantages: (1) generative methods benefit from generating various
scaled candidates; (2) attention can capture long-range correlation to accurately locate
large objects; (3) RCNN can only focus on potential regions and ignore the irrelevant
background. From this analysis, we formulated the last research question How
can we equip an attention mechanism with an R-CNN in a diffusion manner
in support of efficiency and generalization of dense instance segmentation
tasks? Our solution is to design a dynamic attention mechanism combining the
diffusion models and RCNN. Specifically, each dynamic attention module takes as
input noisy box candidates generated by diffusion models, computes global interac-
tions among them, and outputs refined boxes for RCNN. In order to avoid sampling

imbalance in the RCNN, we have also designed a class-balanced sampling algorithm to
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stabilize training. The experiments with our framework and the subsequent analysis
demonstrate that it has domain transferability (i.e., the ability to ignore the effect of

stains), thereby demonstrating flexibility, generalizability, and efficiency.

6.2 Discussion

The methodologies and frameworks that we have proposed in this thesis are addressed
in six research questions and have achieved promising results. They, however, still have

some challenges with respect to algorithmic and theoretical perspectives.

6.2.1 Algorithmic Perspective

(1) Amortized Geometrical Constraint: In Chapter 3, the Total Variation regularization
is a computational bottleneck. Since it lacks a closed-form solution, we must resort
to iterative optimization via level-set methods. That means it is necessary to evolve
the class-wise decision boundaries from the initial surfaces for each input feature map.
In general, this process requires more than 15 iterations to converge from scratch,
resulting in unexpected computational time. For efficiency, we adopt a compromise
solution that requires an additional sub-network to predict a better initial surface. The
refined surface can accelerate the convergence of the level-set algorithm but increase
the difficulty of the training process, requiring more sophisticated hyperparameter

tuning, such as the learning rate.

(2) Dynamic regional candidate: In Chapter 5, we adopt Rol-align Pooling to generate
the initial region candidates as the input dynamic queries. Although it is a classical
operator used in RCNN models, it assumes even sampling within each candidate
region, thereby ignoring differences in scale and geometric irregularity. This intrinsic
drawback significantly degrades object representations, especially for extremely small
or large objects. Even worse, Rol-align Pooling fails to account for spatial exclusivity
among candidates because it runs each candidate in parallel. A possible solution to
this is to design a box attention that captures non-local information within each re-

gion for completeness and interacts between candidates to ensure clear spatial affiliation.
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6.2.2 Theoretical Perspective

Variational Bayesian Inference: In Chapter 3, Variational Bayesian Inference (VB)
is a family of graphical models for approximating intractable distributions arising
in Bayesian inference. VB is an extension of the expectation-maximization (EM)
algorithm and approximates the true posterior distribution as a factorization of simple
distributions. By optimizing the evidence lower bound (ELBO), VB alternatively
approximates the posterior distribution and updates the parameters. Although VB
is scalable for inferring complex models with a large number of parameters, it has
an intrinsic drawback: finding a suitable factorization often requires many trials.
Therefore, we cannot actually estimate our factorization outperforming the others. The
deficiency means that performance comparison of different factorizations in the same
training setting should be considered to provide experimental evidence of selection over

factorizations.

6.3 Future Work

In previous chapters, we have presented many methods for addressing research questions
in the image processing community related to deep learning models. Deep learning
models need novel ideas to evolve further. Therefore, it is crucial to discuss potential
advancements in future work. These specifically concern interpretability, data efficiency,
multi-modal understanding, and scalability. In this section, we briefly indicate possible

future research directions.

(1) Deep learning models demand more effort to enhance their transparency. It is
crucial to build trustworthy systems, especially in reliability-sensitive applications.
Researchers are currently actively developing techniques in explainable AT (XAI). There
are two promising directions for increasing human supervision of complex models. One
direction is to develop more convenient visualization systems that can easily assess the
responses/activations/graduations of arbitrary components to support decision-making.
The other is the adaptation of the traditional algorithms or probabilistic models
into differentiable modules, interpreting local components with solid mathematical

formulations.

(2) Deep learning models require vast amounts of high-quality annotated data. However,

it is very expensive to generate trustworthy supervision information, especially for
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expertise-intensive fields. Therefore, advancements in areas such as transfer learning,
few-shot learning, self-supervised learning, weakly supervised learning, and unsupervised
learning can effectively address the data-hungry problem, enabling them to learn
effectively with less data. Stand-alone techniques open up new possibilities for extending

existing models to new applications where large labeled datasets are scarce.

(3) Deep learning models intend to solve increasingly complex problems that need to
integrate information from multiple sources, such as text, images, audio, etc. Therefore,
multiple-modal algorithms have the potential to facilitate more sophisticated reasoning
on complex systems, such as autonomous systems, virtual assistants, and medical
diagnostics. In addition, multiple-modal applications can revolutionize human-computer

interaction and create more immersive experiences.

(4) The scalability of deep learning is advancing with better hardware, optimized
algorithms, and distributed computing frameworks. This progress enables training
on massive datasets and complex architectures, leading to the development of more
sophisticated models with improved performance and generalization. Meanwhile, scaling
deep learning models down to portable devices is enabled with cloud computing and
high-performance processors. The advancement makes them more accessible, helping

leverage Al to tackle real-world problems on mobile devices.

We have investigated a broad range of aspects of deep learning models in the context of
image processing. We have been covering both technical applications and mathematical
interpretability. In the rapidly evolving field of artificial intelligence, inevitably, our
coverage is not comprehensive. Nevertheless, our contributions move the field forward
and yield incremental insights and knowledge. We are pleased that our research adds

to these increments and look forward to the further development of the field.
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Supplementary Materials in
Chapter 5

As an extra, we have added two zoomed-in samples to highlight the details of our
method and other approaches. The first row of Figure shows that our method
can correctly divide two glomeruli without overlap. Cascade Mask R-CNN and Mask
R-CNN, however, generate multiple responses at the border of two objects. Querylnst
with static queries cannot detect or segment any glomerulus. The last row of Figure
demonstrates four large arteries in a line. It is complicated because two large arteries
pass over most of the input image regions. Although it had multiple responses at the
artery border, our method can capture long-range spatial dependencies for large objects
using attention mechanisms with dynamic queries. In contrast, Cascade Mask RCNN
and Mask RCNN cannot model large objects without attention modules. QueryInst
uses a static attention mechanism and cannot handle complex combinations of shapes

and appearances with a fixed number of queries.

271



Supplementary Materials Chapter 5

GT DiffRegFormer Cascade Mask RCNN
= \ g7 w7 |

QuerylInst-500

G ) Cascade Mask RCNN
3 O va AU

Input Image Mask RCNN Querylnst-300 o Querylnst-!

Figure A.1: Detailed zoom-in samples comparing DiffRegFormer with other methods.
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Summary

Deep learning has revolutionized image processing, enabling remarkable advances in
fields from autonomous driving to medical diagnostics. Yet the very success of these
models, fueled by increasing complexity, has raised urgent questions about how they
work, why they sometimes fail, and whether they can be trusted in critical applications.
This thesis addresses these questions by offering both a coherent map of the rapidly
evolving landscape of deep learning in computer vision and concrete contributions that
advance model interpretability and reliability. The thesis is structured as a logical
progression from a broad, systematic overview to focused investigations that together

build a foundation for more transparent and robust vision systems.

Chapter 1 discusses the concepts relevant to this thesis. We then introduce the

research questions that form the basis for the content of Chapters 2 to 5.

Chapter 2 provides a comprehensive review of the deep learning models that have
come to dominate image processing. Starting from the mathematical principles shared
by convolutional neural networks and vision transformers, it traces their parallel evolu-
tion and eventual convergence. Beyond classical architectures, the chapter introduces
recent large-scale foundation models: pure vision, vision—language, and multi-modal
models, highlighting their potential to serve as universal solutions for vision tasks. By
identifying open challenges and future directions, this chapter establishes the conceptual

toolkit and the research gaps that motivate the subsequent chapters.

Building on this foundation, Chapter 3 addresses interpretability in a core vision
task: semantic segmentation. Focusing on the cross-attention mechanism, we refor-
mulate it as a probabilistic model and reveal that its operation can be interpreted as
k-means clustering in the feature representation space. This novel perspective not only
demystifies the widely used cross-attention component but also provides a principled

basis for understanding its behavior under full supervision.

273



Summary

Chapter 4 extends this line of inquiry to the more challenging weakly supervised
setting, where pixel-wise annotations are unavailable. We analyze how the absence of
detailed labels shapes the learned feature space and propose a probabilistic framework
that recovers missing background information through contrastive learning. Together,
Chapters 3 - 4 demonstrate that a unified probabilistic view can explain and improve
attention-based models across different supervision regimes, thereby enhancing their

interpretability.

Chapter 5 addresses reliability in a demanding clinical application: the analysis of
microscope images of kidney biopsies. Our technical contributions results in a reliable
and robust approach. In transplant medicine, monitoring a transplanted kidney is
crucial. The status of the kidney is studied based on the micro-anatomy in a biopsy.
The anatomical structures are densely packed, vary widely in size and shape, and often
touch. We introduce a generative instance segmentation model that combines diffusion
models with vision transformers. The architecture is explicitly designed to mitigate
class imbalance, resolve objects at multiple scales, and disambiguate touching instances
by emphasizing boundary information. Extensive experiments confirm its robustness,

highlighting its potential for clinical deployment.

Finally, in Chapter 6, we summarize the results and conclusions of our research and
answer the research questions. Based on these results, we outline a perspective for

future developments in the field.

Collectively, this thesis reflects on how a macroscopic understanding of model evolution
(Chapter 2) informs targeted investigations into interpretability (Chapters 3—4) and
reliability (Chapter 5), demonstrating how these contributions together advance the
goal of building vision systems that are not only powerful but also understandable and
trustworthy. By bridging theoretical foundations with practical solutions, this work
aims to pave the way for deep learning models that can be deployed with confidence in

real-world settings, where transparency and dependability are as important as accuracy.
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Beeldbewerking heeft met de komst van Deep Learning een revolutie doorgemaakt.
Dit heeft, in het bijzonder, opmerkelijke voortgang gegeven in het onderzoeksveld
variérend van autonome besturing van voertuigen tot medische diagnostiek. Ondanks
het succes van de rekenmodellen onderliggend aan Deep Leaning, heeft een steeds meer
toenemende complexiteit de urgente vragen opgeworpen over hoe deze modellen werken,
waarom ze soms niet goed werken, en of deze modellen vertrouwd kunnen worden
in kritische toepassingen. In dit proefschrift worden juist deze vragen geadresseerd
door het presenteren van een overzicht van de ontwikkelingen in deep-learning in het
beeldbewerkingsdomein en daarnaast worden bijdragen geleverd waarin de vooruitgang
in model interpretatie en betrouwbaarheid wordt behandeld. Het onderzoek beschreven
in dit proefschrift begint vanuit het perspectief van een breed overzicht gevolgd door
specifieke methodologische verkenningen. Tezamen vormen de Hoofdstukken de basis

voor transparante en robuuste systemen voor computer visie.

In Hoofdstuk 1 behandelen we de begrippen die van belang zijn voor dit proefschrift.
Vervolgens introduceren we de onderzoeksvragen die de basis zijn voor de inhoud van
de Hoofdstukken 2 tot en met 5.

In Hoofdstuk 2 wordt een uitgebreid literatuuroverzicht gepresenteerd over Deep
Learning modellen die het werkveld van beeldbewerking domineren. In dit overzicht
zijn het uitgangspunt de wiskundige principes die worden gedeeld door convolutionele
neurale netwerken en vision-transformers, daarbij beoordelen we hoe deze modellen in

parallel zijn geévolueerd en waar eventuele convergentie wordt gevonden.

In Hoofdstuk 3 bouwen we verder op het fundament van het voorgaande hoofdstuk
en behandelen we interpreteerbaarheid van een kerntaak in computer visie, i.e. seman-
tische segmentatie. We leggen de nadruk op het mechanisme van cross-attentie dat we

herformuleren als een probabilistisch model en laten zien dat deze aanpak kan worden

275



Nederlandse samenvatting

geinterpreteerd als een k-means clustering in de representatie van de kernmerkruimte.
Dit nieuwe perspectief verheldert de veel gebruikte cross-attentie component en het
voorziet tevens in een solide basis voor begrip van het gedrag van deze component

onder de zogenaamde conditie van volledige supervisie.

In Hoofdstuk 4 vervolgen we ons onderzoek en bestuderen we het uitdagende “weakly
supervised” segmentatie waarbij annotaties op basis van gelabelde pixels niet beschik-
baar zijn. We analyseren hoe in afwezigheid van gedetailleerde labels de kenmerkruimte
tot stand komt en introduceren een probabilistisch kader waarmee missende achter-
grondinformatie door contrastief leren kan worden gecorrigeerd. In samenhang laten de
Hoofdstukken 3 en 4 zien dat een geintegreerde probabilistische weergave attentie-
gebaseerde modellen kan verklaren en verbeteren onder verschillende regimes van
supervisie. Hierdoor wordt de interpreteerbaarheid van deze modellen aanzienlijk

vergroot.

In Hoofdstuk 5 gebruiken we onze technische bijdrages in een veeleisende klinische
toepassing: de analyse van microscoopbeelden van nier-biopten. De uitwerking van onze
technische bijdrages resulteert in een betrouwbare en robuste aanpak. In transplan-
tatiegeneeskunde is het monitoren van een getransplanteerde nier cruciaal, de status
van de nier wordt aan de hand van de micro-anatomie in een biopt bestudeerd. De
anatomische structuren zitten dicht opeengepakt, vertonen een grote variatie in vorm
en grootte en zitten vaak aaneengeplakt. Om een automatische analyse mogelijk te
maken introduceren we een generatief model van instantie segmentatie waarbij diffusie
modellen worden gecombineerd met vision-transformers. De architectuur van onze
methode is expliciet ontworpen om onbalans in de klassen te beperken, objecten te
herkennen bij wisselende vergroting en desambiguering van aaneengeplakte structuren
door het benadrukken van randinformatie. Door extensieve experimenten kunnen we
de robuustheid van onze methode vaststellen en illustreren we de potentie voor het

inzetten in de klinische praktijk.

In Hoofdstuk 6, tenslotte, vatten we de resultaten en conclusies van ons onderzoek
samen en beantwoorden we de onderzoeksvragen. Met de resultaten als basis schetsen

we een perspectief voor toekomstige ontwikkelingen in het veld.

Alles bij elkaar biedt dit proefschrift een reflectie over hoe een macroscopisch begrip
van de evolutie van een model (Hoofdstuk 2) informatie geeft over specifiek onder-
zoek in interpreteerbaarheid (Hoofdstuk 3-4) en betrouwbaarheid (Hoofdstuk 5).

Daarmee laat het zien hoe onze bijdragen tezamen vooruitgang bieden aan het doel
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computer vision systemen te bouwen die krachtig zijn en tegelijkertijd ook begrijpelijk
en betrouwbaar. Door het overbruggen van theoretische fundamenten naar praktische
oplossingen, tracht dit proefschrift de weg te bereiden door het implementeren van
deep-learning modellen die betrouwbaar zijn onder operationele omstandigheden, waar

transparantie en athankelijkheid even belangrijk zijn als nauwkeurigheid.
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