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Abstract

Modern computer vision is increasingly driven by the search for representations that generalize
across tasks, modalities, and learning settings, rather than excelling at a single benchmark. This has
produced a broad collection of architectures and paradigms, including convolutional neural networks
(CNNs), Vision Transformers (ViTs), foundation models, and diffusion-based generative models.
Despite differing in design and training objectives, these approaches increasingly draw on a common
set of principles: representation learning, self-attention, self-supervision, multimodal alignment, and
generative modeling. As a result, the boundaries between discriminative, multimodal, and generative
paradigms are becoming progressively less distinct.

This survey examines that convergence through the lens of representation learning. We first intro-
duce a common mathematical framework for describing vision architectures and learning paradigms
across settings, then trace the evolution from CNNs and Vision Transformers, through hybrid CNN-
Transformer architectures, foundation models, and multimodal vision-language systems, to recent
generative approaches, including diffusion models, Diffusion Transformers, and Rectified Flows. By
analyzing these paradigms within a single framework, we show how discriminative, multimodal,
and generative learning are converging around shared representational principles, argue for a uni-
fied representation-learning perspective on modern computer vision, and outline open challenges
and future directions toward general-purpose visual intelligence, multimodal foundation models, and
trustworthy deployment.

Keywords: Computer Vision, Vision Transformers, Foundation Models, Self-Supervised Learn-
ing, Multimodal Learning, Diffusion Models, Rectified Flow.

1 Introduction

The development of visual representations that generalize across tasks, domains, and modalities has
become a central objective of contemporary computer vision. This objective has driven rapid progress
along both discriminative and generative directions, resulting in advances ranging from convolutional
and transformer-based architectures to multimodal foundation models and diffusion-based generative
systems. Although these developments are often presented within separate research communities, they
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collectively reflect the broader evolution of computer vision toward increasingly versatile representation-
learning frameworks. Understanding how these paradigms relate to one another has therefore become an
important challenge for organizing the field and identifying its future directions.

Convolutional neural networks established the foundations of modern visual recognition through lo-
cal connectivity, weight sharing, and hierarchical feature extraction. Over time, CNNs evolved from
early architectures to influential models such as ResNet [1]], DenseNet [2]], and ConvNeXt [3]], demon-
strating that convolution remains highly effective when combined with improved optimization, larger
receptive fields, and modern training strategies [4] 5]. Despite their success, convolutional architectures
rely primarily on localized processing, making the modeling of long-range relationships comparatively
difficult.

Vision Transformers addressed this limitation by leveraging self-attention mechanisms to model
global interactions directly between image regions. Since their introduction by Dosovitskiy et al. [8]],
Transformers have achieved state-of-the-art performance across a wide range of computer vision tasks,
including image classification, object detection, segmentation, and multimodal learning [9} [10]. At the
same time, their substantial data and computational requirements have motivated extensive research into
more efficient Transformer variants and hybrid CNN-Transformer architectures that integrate local con-
volutional inductive biases with global contextual reasoning [6, 20].

A further development has been the emergence of self-supervised and foundation-model paradigms.
Methods such as DINO, DINOv2, and DINOv3 demonstrate that large-scale pretraining can produce
highly transferable visual representations without task-specific supervision [56,58,159]]. Similarly, vision—
language models such as CLIP, ImageBind, and LLaVA extend visual learning beyond images by estab-
lishing shared representation spaces across multiple modalities and enabling increasingly sophisticated
forms of multimodal reasoning and interaction [[61} 62, 63]].

In parallel, generative modeling has become a central component of modern computer vision. Diffu-
sion models have established a powerful probabilistic framework for image synthesis, restoration, edit-
ing, generation, and conditional content creation [13| [16} [I7]. More recent developments, including
Diffusion Transformers and Rectified Flow models, further blur the distinction between discriminative
and generative learning by combining large-scale representation learning with high-fidelity generation
[25,169].

Taken together, these developments reflect a broader transition from task-specific architectures to-
ward increasingly general representation-learning systems. CNNs, Vision Transformers, foundation
models, multimodal architectures, and generative frameworks should no longer be viewed as isolated
paradigms. Instead, they form an evolving ecosystem of closely related approaches that share common
mathematical principles while addressing complementary aspects of visual perception, reasoning, and
generation.

Despite this convergence, the literature remains fragmented. While existing surveys provide com-
prehensive treatments of individual architectures, learning paradigms, or application domains, a uni-
fied account of how convolutional networks, Vision Transformers, self-supervised foundation models,
multimodal systems, and generative frameworks relate to one another within a common mathematical
framework remains largely missing.

As summarized in Table[I] prior surveys typically focus on specific model families, architectural in-
novations, or application areas, and therefore provide only limited discussion of the broader connections
among representation learning, self-attention, self-supervision, multimodal alignment, and generative
modeling. Consequently, many of the shared principles underlying modern computer vision remain ob-
scured by architecture-specific or task-specific perspectives, despite the increasing integration of these
paradigms in contemporary vision systems.

This survey addresses that gap by providing a unified mathematical perspective on modern computer
vision. Rather than considering individual architectures in isolation, we establish a common formal
framework that connects convolutional processing, self-attention mechanisms, self-supervised represen-
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tation learning, multimodal alignment, and generative modeling. Within this framework, we review the
evolution of CNNs, Vision Transformers, advanced Transformer architectures, hybrid CNN—Transformer
models, multimodal foundation models, diffusion models, Diffusion Transformers, and Rectified Flow
frameworks, highlighting their shared principles, complementary strengths, and emerging points of con-
vergence.

The contributions of this survey are fourfold:

1. Architectural Evolution: We review the progression of modern computer vision architectures,
from CNNs and Vision Transformers to advanced Transformer variants and hybrid CNN-Transformer
models, highlighting the convergence of local and global representation-learning mechanisms.

2. Foundation and Multimodal Models: We analyze recent developments in self-supervised and
multimodal foundation models, including DINO, CLIP, ImageBind, and LLaVA, and discuss their
role in the emergence of increasingly general-purpose visual intelligence systems.

3. Generative Frameworks and Future Directions: We review diffusion models, Diffusion Trans-
formers, and Rectified Flow methods, and discuss open challenges involving efficiency, inter-
pretability, multimodal reasoning, and trustworthy deployment.

4. Unified Formal Perspective: Building upon these developments, we synthesize convolutional
networks, Vision Transformers, self-supervised learning, multimodal foundation models, and gen-
erative architectures within a common representation-learning framework, highlighting the shared
principles that underlie modern computer vision.
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Figure 1: Organization of the survey. The mathematical foundations introduced in Section [2| provide
a common framework for describing modern computer vision architectures. The discussion progresses
from convolutional and attention-based models to multimodal foundation models, generative architec-
tures, and future directions toward general-purpose visual intelligence.

Organization of the Survey. The remainder of this survey follows the progression illustrated in Fig-
ure[I} Section 2 establishes the mathematical foundations that provide a common framework for modern
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computer vision architectures. Sections 3 and 4 review convolutional neural networks and Vision Trans-
formers, respectively, while Sections 5 and 6 examine advanced Transformer architectures and hybrid
CNN-Transformer models. Section 7 discusses multimodal foundation models, including CLIP, Image-
Bind, and LLaVA. Section 8 reviews diffusion-based generative frameworks, Diffusion Transformers,
and Rectified Flow methods. Finally, Section 9 discusses future directions and open challenges toward
general-purpose visual intelligence, and Section 10 concludes the survey.

Table 1: Representative surveys on CNNs, Vision Transformers (ViTs), hybrid architectures, and diffu-
sion models. Existing surveys typically focus on individual model families or application domains. In
contrast, this survey provides a unified mathematical perspective that connects convolutional, attention-
based, multimodal, foundation-model, and generative paradigms within a common representation-
learning framework.

Main Scope Unified Foundation /
Mathematical Multimodal
Perspective Models
2025 [61 Hybrid CNN- Taxonomy, comparative analysis, Limited No
Transformers applications, and challenges of hybrid
CNN-VIT architectures for vision tasks.
2025 Vision Survey of Transformer architectures, design Limited Limited
Transformers innovations, applications, and emerging
research directions in computer vision.
2025 [30] ViTs and Hybrid Review of ViT and hybrid CNN-Transformer Limited No
ViTs models for medical image segmentation.
2024 [ CNNs Review of CNN fundamentals, architectures, No No
applications, limitations, and future
directions in computer vision.
2024 (31 CNNs Comprehensive survey of convolution No No
variants, CNN architectures, applications,
challenges, and emerging trends.
2024 [171 Diffusion Models Survey of diffusion-model theory, efficient Limited No
sampling, likelihood estimation, and broad
multidisciplinary applications.
2023 Diffusion Models Review of diffusion frameworks, vision Limited No
applications, relationships to other generative
models, and future directions.
2023 [211 Medical Diffusion =~ Comprehensive survey of diffusion-based No No
Models methods and applications in medical
imaging.
2022 Vision Comprehensive review of Transformer Limited Limited
Transformers models for recognition, multimodal learning,
video understanding, and generative vision
tasks.
2021 [©1 Vision Taxonomy and analysis of Transformer No No
Transformers architectures across major computer vision
tasks.
This - Unified Unified mathematical treatment of CNNs, Yes Yes
Work Mathematical Vision Transformers, hybrid architectures,
Survey multimodal foundation models (e.g., CLIP,

ImageBind, LLaVA), and diffusion-based
generative frameworks within a common
representation-learning perspective.

1.1 Research Trends and Core Challenges

The preceding discussion highlights three interrelated research trends that currently shape modern com-
puter vision. The first concerns the evolution of visual representation learning, characterized by a transi-
tion from convolution-dominated architectures toward Transformer-based and hybrid CNN-Transformer
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systems [8} [3, [11} [12]. The second concerns the emergence of foundation-model paradigms, includ-
ing self-supervised and multimodal learning approaches, which aim to learn transferable representations
across tasks and modalities [56}161}162,63]]. The third concerns the rapid development of diffusion-based
generative frameworks, which have become the dominant paradigm for image synthesis, restoration, and
conditional generation [13} (14} 18] [16].

Together, these trends have significantly expanded the capabilities of vision systems, enabling ad-
vances in recognition, reasoning, multimodal interaction, and content generation. At the same time, they
have introduced new challenges related to data efficiency, computational scalability, architectural com-
plexity, interpretability, and deployment cost. Understanding these trade-offs is essential for explaining
both ongoing architectural innovation and the growing tendency toward integrated vision systems.

Table 2: Representative works illustrating core challenges related to data efficiency, computational cost, and
generative modeling limitations across CNNs, Vision Transformers, and diffusion-based architectures.

Year Ref. Title Main focus Key observations

2022 [3] ConvNeXt: A ConvNet for the Revisits and modernizes CNN design Shows CNNs can outperform ViTs under
2020s to match Transformer performance. similar compute budgets, raising questions
about true efficiency—accuracy advantages.

2022 [18]  High-Resolution Image Introduces latent diffusion operating Reduces computation but still requires
Synthesis with Latent Diffusion  in compressed latent spaces. multi-step denoising, limiting real-time
Models (LDM) deployment.

2021 [22]  Training Data-Efficient Image Efficient ViT training on mid-scale Improves data efficiency but does not fully
Transformers (DeiT) datasets through distillation tokens solve ViTs’ data hunger or heavy

and strong data augmentation. hyperparameter sensitivity.

2021 [23]  Swin Transformer: Introduces hierarchical Reduces quadratic attention cost but increases
Hierarchical Vision shifted-window attention to control architectural complexity and introduces
Transformer Using Shifted complexity while modeling locality/globality trade-offs.
Windows local-global patterns.

2020 [8]  AnImage is Worth 16x16 Introduces Vision Transformers (ViT) Shows that ViTs require very large-scale
Words: Transformers for as pure transformer architectures pretraining data due to weak inductive bias,
Image Recognition at Scale applied to image patches. highlighting high sample complexity and

limited data efficiency.

2020 [13]  Denoising Diffusion Establishes denoising diffusion as a Requires hundreds—thousands of sampling

Probabilistic Models (DDPM) powerful generative framework. steps, making inference extremely slow and
computationally expensive.

2020 [14]  Denoising Diffusion Implicit Proposes deterministic Accelerates sampling but still much slower

Models (DDIM) non-Markovian sampling compatible than GANs or autoregressive models; iterative
with DDPM training. nature remains a bottleneck.

Table 2] summarizes representative studies that highlight the principal trade-offs associated with con-
temporary vision architectures. Vision Transformers provide powerful mechanisms for modeling long-
range dependencies and global contextual interactions, but often require large-scale training data and
considerable computational resources because of relatively weak inductive biases and the quadratic com-
plexity of self-attention [8,19]. Although approaches such as DeiT [22]] and Swin Transformer [23]] have
substantially improved data efficiency and scalability, these issues remain active areas of research.

Conversely, CNN-based architectures benefit from strong locality priors, efficient optimization, and
favorable scaling characteristics. Recent studies such as ConvNeXt [3] demonstrate that modernized
convolutional architectures remain highly competitive with Transformer-based approaches across a range
of visual recognition tasks. Nevertheless, convolutional models generally possess a more limited capacity
for modeling long-range dependencies and global contextual relationships compared with self-attention-
based architectures [8} 9, 4]].

Diffusion models introduce a different set of challenges associated with generative learning. While
DDPMs [13] established a highly effective probabilistic framework for image synthesis, subsequent
methods including DDIMs [14] and Latent Diffusion Models [18] have focused on reducing sampling
costs and improving scalability. Despite these advances, the iterative denoising process remains compu-
tationally demanding and continues to limit efficient large-scale and real-time deployment [16} [17].
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Taken together, these observations suggest that no single paradigm simultaneously optimizes rep-
resentation quality, data efficiency, computational scalability, and generative capability. Consequently,
recent research has increasingly emphasized the integration of complementary architectural strengths
rather than the development of entirely independent model families.

This trend is particularly evident in the growing interaction between representation-learning architec-
tures and generative frameworks. Contemporary diffusion models increasingly incorporate Transformer-
based components and attention mechanisms to improve scalability, conditioning, and global consis-
tency [24] 25, 26]. Likewise, hybrid CNN-Transformer architectures are increasingly employed within
diffusion-based systems for image restoration, segmentation, and medical imaging applications [27, 28,
29]. These developments reflect a broader movement toward integrated vision systems that jointly exploit
local feature extraction, global contextual reasoning, and generative modeling.

Despite this growing integration, the literature remains largely fragmented. Table [T] summarizes
representative surveys covering CNNs, Vision Transformers, hybrid CNN-Transformer architectures,
diffusion models, foundation models, and multimodal vision systems. Although these studies pro-
vide comprehensive analyses of individual paradigms, comparatively less attention has been devoted
to their interactions and shared representational foundations. In particular, few surveys examine how
hybrid CNN-Transformer backbones, self-supervised foundation models, multimodal architectures, and
diffusion-based generative frameworks collectively contribute to the emergence of unified vision sys-
tems.

These developments motivate the central premise of this survey: although modern computer vision
is often organized into separate research areas, many of its most influential advances can be understood
through a common representation-learning perspective. Identifying the shared principles that connect ar-
chitectural design, self-supervised learning, multimodal alignment, and generative modeling is therefore
an important step toward a more unified understanding of contemporary vision systems.

2 Foundations of Modern Vision Models

The architectures and learning paradigms reviewed in this survey vary considerably in their computa-
tional mechanisms, training objectives, and application domains. Nevertheless, meaningful comparison
requires a common mathematical language capable of describing their core components, learning pro-
cesses, and representational structures in a consistent manner.

This section introduces the notation and formal framework used throughout the survey. Rather than
focusing on architecture-specific details, we establish a generic formulation that is sufficiently broad to
encompass discriminative, multimodal, and generative vision models. The resulting framework provides
a basis for analyzing how different architectural choices give rise to distinct inductive biases, optimization
behaviors, and representational properties while sharing common underlying learning principles.

2.1 Formal Framework

To establish a common notation throughout this survey, let X € R¥*WXC denote the input image space,
where H, W, and C represent the image height, width, and number of channels, respectively. The output
space Y depends on the task under consideration. For example, Y = {1,.. ., K} for image classification,
Y C {0, 1}XWXK for semantic segmentation, and Y € R¥*"*C for image generation.

A vision model is represented as a parametric mapping

fo: X - Y, 1)

where 6 € ® C R” denotes the set of learnable parameters.
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Table 3: Main notation used throughout the survey.

Notation

Description

Section

Unified Representation Learning Framework

xeX,yelV. fo: X- VY

L(0), R(0), 4
H,W,C,d

Input sample, target output, and parametric vision model with trainable
parameters 6.

Task-dependent loss, regularization functional, and regularization strength.
Image height, width, channels, and latent embedding dimension.

2.1

x|

Convolutional Neural Networks

h©, ¢, p
o, W(Z)’ b
’]_C‘[;, Des 8¢ Ts
WpWa de

Feature map, convolutional block, and task-dependent readout operator.
Patch extraction operator, reshaped convolution kernels, and bias parameters.
Kernel size, padding, stride, and spatial translation operator.

Pointwise (1 X 1) and depthwise convolution operators.

=

Vision Transformers

P,N,x,,E, py

Z Z/ ZN
W2, WK WY, d
Aj, MHSA(), FEN(), LN()

Tnms> TA» A
Zdistill> Yteacher

G,B
Xsp

Patch size, number of patches, flattened patch, patch embedding matrix, and
positional encoding.

Token matrices before and after Transformer processing stages.

Query, key, value projections and per-head attention dimension.

Attention matrix, multi-head self-attention, feed-forward network, and layer
normalization.

Relative positional bias, displacement-dependent positional bias, and relative
spatial displacement.

Distillation token and teacher prediction in DeiT.

Global-context tokens and relative positional bias matrix in GC ViT.

Spatial feature representation obtained by reshaping tokens into a
two-dimensional structure.

5.4
56

Hybrid and Integrated Architectures

Q, gl(.l) , K([)
Block(-), Gridg(-)

MHS Apjock» MHSAgrid
7O, 7©

Dembed

Set of local/global operators, i-th operator within a hybrid block, and number of
operators composing the block.

Partition operators used in MaxViT, where M denotes the local window size and
G the sparse-grid size.

Block-attention and grid-attention mechanisms in MaxViT.

Intermediate feature representations after MBConv and Block Attention in
MaxViT.

Convolutional token-embedding operator in CvT.

Foundation and Multimodal Models

8y Y5 Yts Pss Pt Ts Tt
21,271, S, pisj

I,M, q,k, QK
X,,F,, W . H,

Einstr, C’ f¢

Projection head, student/teacher outputs, probability distributions, and
temperatures in DINO-style self-distillation.

Image/text embeddings, similarity matrix, and contrastive matching probability
in CLIP-style learning.

Image and auxiliary modality, normalized embeddings, and embedding matrices
used in ImageBind.

Input image, visual feature tokens, projection matrix, and projected visual tokens
in LLaVA.

Instruction embeddings, multimodal context, and autoregressive language model
in LLaVA.

E El E EE & EE E E]

Diffusion and Generative Models

{X,}Z;O,ﬂ,, @
q(X¢[X¢-1), po(Xe—11X;)
€(x;,1),c€C

z = 8(x), X = D(z)

Diffusion trajectory, variance schedule, and cumulative noise retention factor.
Forward and reverse diffusion processes.

Noise predictor and conditioning variable (class label, text, mask, etc.).
Latent encoding and decoding operators in latent diffusion models.

Given a dataset D = {(x(i), y(i))}:l_ L where x? € X is the i-th input sample and y € Y its corre-



185

190

195

200

205

210

215

220

sponding target, training consists of minimizing the empirical risk

R 1 & N
0= in— Y L(fox?),y?) + AR, 2
af%;gmn; (fax ™), y?) + AR(®) @)

where £ : Y XY — Ry is a task-dependent loss function, R(6) is a regularization term, and 2 > 0
controls the strength of regularization.

Equations (I)) and (2)) provide a generic learning framework encompassing the diverse architectures
and training paradigms considered throughout this survey. Although convolutional neural networks,
Vision Transformers, foundation models, multimodal systems, and generative frameworks differ sub-
stantially in their architectural design and training objectives, they can all be interpreted as alternative
parameterizations of the mapping fy, distinguished by their inductive biases, optimization strategies, and
representational capacities.

Table [3] summarizes the principal mathematical notation used throughout the survey. The notation
has been chosen to emphasize commonalities across paradigms while preserving the conventions adopted
within each research community. It includes the core operators of convolutional networks, such as the
patch extraction operator ® and the convolutional kernel matrix wo, key Transformer quantities, in-
cluding the token representation matrix Z and attention matrix Aj; as well as the probabilistic operators
used in diffusion models, such as the reverse process py(X;—1 | X;) and the denoising network €. The table
also indicates the corresponding sections in which these quantities are formally defined and discussed.

The notation introduced in this section serves as a common language for describing the models
reviewed in subsequent sections. As discussed in Section [9.1] these seemingly distinct paradigms can
ultimately be viewed from a unified representation-learning perspective, revealing common principles
that underlie modern computer vision systems.

3 Convolutional Neural Networks

Convolutional Neural Networks (CNNs) established the foundations of modern deep learning for com-
puter vision and remained the dominant architectural paradigm for visual recognition for more than a
decade. Their success stems from the incorporation of domain-specific inductive biases, including local
connectivity, weight sharing, and translation equivariance, which enable efficient learning from high-
dimensional visual data [7, 31]]. These properties allow CNNs to construct hierarchical feature represen-
tations that progressively transform low-level structures into increasingly abstract semantic concepts.

Over time, CNNs evolved from early convolutional architectures to deeper and more expressive
models such as ResNet, DenseNet, and ConvNeXt, which improved optimization, representation capac-
ity, computational efficiency, and scalability [1} 12, 3]. These developments established CNNs as the
dominant framework for visual representation learning and inspired many of the architectural principles
that continue to influence contemporary computer vision systems [4} |]].

Although Vision Transformers have recently emerged as a powerful alternative for modeling long-
range dependencies and global contextual relationships, CNNs remain highly competitive across nu-
merous vision tasks [3l4]. Moreover, many modern architectures, including hybrid CNN-Transformer
models, continue to incorporate convolutional operations because of their favorable inductive biases,
computational efficiency, and data efficiency [6} [11 [12]. Consequently, understanding CNNs remains
essential for understanding both the historical evolution of computer vision and the architectural devel-
opments that followed.

This section introduces a mathematical formulation of convolutional operations and their associated
inductive biases. Building on this foundation, we then examine the principal families of CNN archi-
tectures, analyze their strengths and limitations, and discuss their role within the broader evolution of
modern representation-learning systems.
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3.1 Layer-wise Matrix Formulation of Convolution operations

A CNN parameterizes fy as a composition of L convolutional layers interleaved with nonlinear activa-
tions. Let h® = x € R*WXC denote the input feature map. At each layer £ € {1,..., L}, the feature
map h(=D e RH->WerxCet g transformed into h© € REXWXCe via a patch extraction operator @,
which constructs a matrix whose row indexed by spatial location (i, j) contains the vectorized receptive
field patch of h“~1 centered at (i, j), with zero-padding applied outside the valid domain. Defining the
reshaped filter matrix WO ¢ RKCe-nxCe , whose columns stack the C, convolutional filters, and viewing
h=D as a matrix of spatial rows, the layer admits the compact form:

h® = O-(Q)(h(f—l)) woO + lb(f)'l') e RHWOXCe 3)

where b© € R is the bias vector, 1 € R7Wr ig the all-ones vector, and o : R — R is a nonlinear ac-
tivation function applied elementwise to the pre-activation matrix. Typical choices include the Rectified
Linear Unit (ReLU), the Gaussian Error Linear Unit (GELU), and the sigmoid function.

This matrix representation recasts the convolution operation as a General Matrix Multiply (GEMM),
enabling highly efficient execution on modern GPU architectures [31]]. The output spatial dimensions
follow:

He_ 1 +2pr—k We_1+2pr—k
ng{ -1 P €J+1’ sz{ -1 pe €J+1’

Se Se

where pe > 0 and s, > 1 are the padding and stride.
The total learnable parameters at layer £ amount to [0©O] = Cg(k%Cg_l + 1), independent of the spatial

resolution Hy_; X W,_1, a direct consequence of weight sharing: the same WO is applied at every spatial
location (i, j) [31]].
Denoting the ¢-th convolutional block as:

$O(hD) = o(@(hD) WO + 1p07), @)
The full network is expressed as the sequential composition of L blocks,
hO =¢OmD),  e=1,....L 5)
followed by a task-specific readout p applied to the final feature map:

fax) = p(h ™), 6)

where p is typically global average pooling followed by a linear classifier for image classification, or a
decoder network for dense prediction tasks.

3.2 Translation Equivariance

A central inductive bias of CNNss is translation equivariance, which formalizes the prior that the presence
of a visual feature is independent of its absolute spatial location. To state this precisely, let Ts denote the
operator that shifts a feature map by s = (1, 55) € Z pixels, defined as:

(TS h)[l’ j, C] = h[l - 51, j_ $2, C], (7)

so that (T h)[i, j, c] returns the value of h at the location displaced by s from (i, j), with out-of-bounds
entries set to zero.

This property arises directly from weight sharing: because WO is applied at every spatial location
(i, j) via @, the network response to a local pattern depends only on the pattern itself and not on where it
appears.
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In matrix notation, and noting that the spatially uniform bias 1b‘©7 is invariant under T§:
o(Tsh" )W = (o) W), vsez?, (8)
which in terms of the output feature map reads:
¢O(ThD) = (¢ OmD)), Vsez?, )

confirming that translating the input by s shifts the output feature map by the same amount. Equivariance
is preserved under composition: since each block ¢©) satisfies ¢'© o Ty = T 0 ¢'©, it follows that:

¢(L)o-~~o¢(l)oTs=Tso¢(L)o---o¢(1), (10)

so equivariance propagates through the entire network depth. When followed by a global pooling oper-
ation p : RHLWLXCL _ RCL that aggregates over all spatial locations, equivariance promotes translation
invariance of the final representation:

P61 00 V(T ix) = p(¢ 009V (x). Vs ez, (11)

since permuting the spatial rows of the output does not alter a spatially aggregating pooling function.
This distinction is important: equivariance retains the where information (the feature map shifts with the
pattern), whereas invariance discards it (the global descriptor is unchanged), making the two properties
suited to different tasks, dense prediction and classification, respectively.

More generally, CNNs can be understood within the framework of group-equivariant networks [32],
where a symmetry group G acts on both the input and output spaces and the network commutes with this
action; translation equivariance is the special case G = (Z2, +). The receptive field of a neuron at layer £
grows as O(C - k¢), establishing that depth induces a hierarchical progression from local features (edges,
textures) to globally meaningful representations, a limitation that motivates the architectures discussed
in Section

3.3 Taxonomy of Convolutional Architectures

Building on the layer-wise formulation of Section contemporary CNN architectures can be orga-
nized into four families according to how they extend or augment the basic formulation. These families
differ primarily in how they address the fundamental limitations of standard convolutional networks,
including the restricted growth of the receptive field, the absence of explicit mechanisms for modeling
long-range dependencies, and the deterministic and predominantly discriminative nature of the learned
representations. The four families, summarized in Table 4}, occupy different positions within the broader
CNN design space and are described as follows:

1. Classical hierarchical CNNs. These models implement the standard convolutional formulation
with progressive downsampling, expressing the full network as a composition of layer-wise trans-
formations:

fox) =P 0 gLV o0 gD(x), (12)

where each ¢ implements the convolutional block defined in Section In practice, each block
is typically augmented with batch normalization [33]] and a ReLLU nonlinearity [34]], instantiating
the general o of Section [3.1]as:

¢(h") = ReLU(BN(®(h") W + 1b0T)), (13)

where BN normalizes each channel across the spatial and batch dimensions [33]] and ReLU(z) =
max (0, z) [34] is applied elementwise. Optional pooling between blocks progressively reduces the
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spatial resolution H; x W, building a hierarchy of representations at increasing semantic levels.
Their strong inductive bias promotes data efficiency and training stability, but the O(¢-k;) receptive
field growth limits their ability to model global context without significant depth.

A key advancement is the introduction of residual connections [35]:
hO = b + gO(n¢D), (14)

which allow gradient propagation across many layers and enable training of very deep networks.
The residual block that established this design is shown in Figure

I S

[ 9O (hD) ] identity

T

Figure 2: The identity shortcut adds the input h~1 directly to the output of the convolutional block
gb(f), so the block learns a residual correction rather than a full transformation. This facilitates gradient
propagation across many layers and enables training of very deep networks.

2. Modernized CNNs with Transformer-inspired design. Architectures such as ConvNeXt [3]]

reinterpret the standard convolutional block ¢) by incorporating three design principles from Vi-
sion Transformers: depthwise separable convolutions, layer normalization, and inverted bottleneck
structures.

Depthwise separation factorizes the convolutional operator into a spatial aggregation operator Cfo;)V

and channel-mixing projections. Instead of a single filter matrix WO, the block applies a depth-
wise convolution independently to each channel and then mixes channels through pointwise linear
maps. The parameter count is reduced from k?Cg_]C[ to approximately k?C[_l + Cy_1Cy while
preserving expressive power.

Layer normalization [36] replaces batch normalization by normalizing across the channel dimen-
sion, making the block behavior independent of batch size.

Inverted bottleneck structures expand the hidden channel dimension to rCy_; before projecting
back to Cy, increasing representation capacity while keeping spatial computation unchanged.

Together these modifications yield the ConvNeXt block:

h® = h¢ 4 7:(£’)(h(£’—1))’ (15)
with ~ _
FOh) = Wiy o Wep 04 (LN(H)), (10

where ng?p € RC-1%rCe-1 gnd W) - € R7C-1%Ct denote the expansion and projection maps of the
proj

inverted bottleneck, respectively. The operator CDE;;)V preserves translation equivariance because the
same depthwise filter is applied at every spatial location (i, j). These choices closely mirror the
Transformer FFN and normalization design while retaining the inductive biases of convolution [3].
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3. CNNs augmented with global context modules. These designs supplement the local aggregation
operator ®© with non-local interactions that compute pairwise dependencies across all spatial
positions. A non-local block [37]] produces

1

0 _ (9] (-1 ()

h(i,j),: N0 Z A(i,j),(i’,j’)h(i’,j'),: W' (17
(i,,jl)

where A contains pairwise affinity scores analogous to the attention matrix A, of MHSA

)
0.3

(Section , Wg) is a learnable channel projection, and C'©) is a normalization factor. This raises
the per-layer complexity from O(H Wek*Cp_1Cy) to O((H Wp)*Cy), matching the quadratic scaling

O(N?%d) of ViT self-attention (Section .

4. Hybrid convolutional-attention architectures. These pipelines decompose processing into con-
volutional early stages and attention-based late stages:

£o%) = faun(E vec(h®m)) + P), (18)

where hem) is the output of the convolutional front-end, E is a linear projection producing token
embeddings analogous to the patch-embedding matrix of Section .1} P encodes positional infor-
mation, and fy, denotes a Transformer operating on the resulting token sequence. This design
combines the translation equivariance and data efficiency of CNNs with the global context model-
ing of ViTs, leveraging the complementary strengths of the two paradigms described in Section 4]

Table 4: Representative mathematical formulations and key practical characteristics of major CNN architectural
families.

Architecture Representative Equation Practical Characteristic

Classical CNN

(LeNet, VGG, ResNet) hO = o dmEDWO) / High data efficiency

Modernized CNN

(ConvNeXt, RepL.LKNet) h® = h¢D 4 pra(d)dw(LN(h("")) de) v Efficient scaling

Global-Context CNN

(GCNet, Non-local Net) hgf)j) = WO + 36 iy A, j/)hgf;,)) v Long-range
dependencies

Hybrid CNN-Transformer
(CvT, CoAtNet, CMT) fo(x) = fa[m(E vec(hLemn)) 4 P) v Multimodal integration

The four architectural families outlined above illustrate several fundamental trade-offs that charac-
terize the evolution of convolutional vision models.

First, they lie along a locality—globality spectrum. Classical and modernized CNNs rely primarily
on the local aggregation operator @, whose effective receptive field grows only as O(¢ - k). In contrast,
non-local modules introduce explicit pairwise interactions through affinity matrices A j) ). Hybrid
CNN-Transformer architectures occupy an intermediate position by integrating convolutional operators
@ and self-attention matrices Ay. Rather than replacing local processing, these models seek to combine
the translation equivariance, parameter efficiency, and strong inductive biases of convolution with the
unrestricted receptive field and global dependency modeling capabilities of self-attention.

Second, the taxonomy reflects a continuum between strong inductive bias and representational flex-
ibility. Classical CNNs exploit translation equivariance, weight sharing, and locality constraints to
achieve high data efficiency and stable optimization. Modernized CNNs preserve these properties while
adopting architectural elements inspired by Vision Transformers. Conversely, architectures incorporating
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non-local operations or attention mechanisms gradually relax these constraints in exchange for improved
capacity to capture long-range spatial relationships.

Finally, all four families remain fundamentally deterministic discriminative models. Given an input
X, the network implements a deterministic mapping f : X — Y optimized through a supervised objective
L(fy(x),y). This property distinguishes them from the generative and stochastic architectures introduced
later in this chapter. For example, diffusion models (Section [§) learn a probabilistic reverse process
po(X;—1 | X;), while modern hybrid systems increasingly combine deterministic convolutional encoders
with stochastic generative mechanisms.

These trade-offs provide a useful conceptual framework for understanding the subsequent evolution
of vision architectures. Vision Transformers (Section[d)) primarily address the locality limitations of con-
volution, diffusion models (Section [§) extend visual representation learning into the generative setting,
and hybrid CNN-Transformer architectures (Section 6] seek to balance locality, globality, inductive bias,
and representational capacity within a unified framework.

4 Vision Transformers

The introduction of Vision Transformers (ViTs) marked a major shift in the development of visual rep-
resentation learning. Inspired by the Transformer architecture originally proposed for natural language
processing [38], ViTs demonstrated that self-attention can serve as a viable alternative to convolution
for modeling visual data [8]]. Their success challenged the long-standing dominance of convolutional
neural networks and initiated a new research direction centered on global context modeling, large-scale
pretraining, and increasingly general-purpose visual representations [9, 10} [20]].

From the perspective of the unified framework introduced in Section 2] Vision Transformers provide
an alternative parameterization of the mapping fy : X — Y based on self-attention rather than convo-
lution. Instead of processing an image as a spatial grid through localized operators, ViTs represent the
input image x € RXWXC a5 a sequence of visual tokens and allow every token to interact directly with
every other token through attention mechanisms. This design enables global dependency modeling from
the earliest layers of the network and has become the foundation of many contemporary architectures,
including self-supervised foundation models, multimodal vision-language systems, and diffusion-based
Transformer backbones [56, 161}, 24]].

Compared with CNNs, Vision Transformers introduce a substantially different inductive bias. Con-
volutional networks exploit translation-equivariant local operators and construct increasingly global rep-
resentations through hierarchical composition, with receptive fields that expand gradually across depth.
In contrast, ViTs model pairwise interactions explicitly through self-attention, allowing global informa-
tion exchange at every layer. This capability comes at the cost of increased computational complexity
and weaker built-in spatial priors, motivating many of the architectural innovations discussed later in this
section.

The standard Vision Transformer architecture can be decomposed into three fundamental compo-
nents: (i) patch tokenization, which converts images into sequences of visual tokens; (ii) multi-head
self-attention, which models pairwise interactions among tokens; and (iii) a position-wise feed-forward
network that refines token representations within each Transformer block. Together, these components
define the basic computational framework upon which most contemporary Vision Transformer architec-
tures are built. The following subsections formalize each component and establish the notation used
throughout the remainder of this section.

13



385

390

395

400

405

410

4.1 Patch Tokenization

The input image x € RF*WC is partitioned into N = HW/P? non-overlapping patches of size Px P pixels.
Each patch is flattened into a vector x,, € R” *C and linearly projected to a d-dimensional embedding:

z, = Ex, + p, € RY, (19)

where E € R(P’C) is the shared patch embedding matrix and p, € R is a learnable positional encoding
associated with patch n. The positional encoding is necessary because the subsequent attention mecha-
nism is permutation-invariant with respect to the token sequence: without p,, the model has no means of
distinguishing patch n at spatial location (7, j) from any other patch at a different location. A learnable
classification token zy € R? is prepended to aggregate global information during the forward pass [8],
yielding the token matrix:

Z=zy;2;...;2y]€ RW+Dxd (20)

where n = 0 denotes the classification token and n > 1 the patch tokens. Note that whereas the CNN
feature map h(© € RHWexCe preserves an explicit spatial grid structure through ®, the token matrix Z
treats the image as an unordered set of patches, with spatial relationships encoded solely through p,,.

4.2 Multi-Head Self-Attention

Given the token matrix Z € RV*1D*4_each Transformer block applies multi-head self-attention (MHSA)
to model pairwise interactions among all tokens. For each attention head € {1,..., Hneags}, the query,
key, and value representations are obtained through learned linear projections w2, WhK ,WX € Rk,
where d; = d/Hyeads:

Qi =ZW?, K, =ZWf,  V,=ZW) e RN 1)

The attention weight matrix and head output are computed as:

KT
Ay = softmax(Qh—dh) e RIVFDXN+D) Attn,(Z) = A, V), € RVDxd (22)
k

where softmax is applied row-wise and Vdj prevents excessively large inner products in high-dimensional
feature spaces. The entry A,[n, m] quantifies the influence of token m on token n, for n,m € {0,..., N},
so that unlike a convolutional feature hz?j),c, whose receptive field is bounded by the kernel support of
@, each token representation aggregates information from all N + 1 tokens globally. The outputs of all

heads are concatenated and projected via WO € R%¢:

MHSA(Z) = [Attn;(Z) || --- || Attng,_, (Z)] WO e RVFDxd, (23)

4.3 Position-Wise Feed-Forward Network and Transformer Block

While self-attention models interactions between tokens through Ay, the feed-forward network (FFN) ap-
plies a nonlinear transformation independently to each token. The mapping FEN : RV+Dxd _, RIN+Dxd
is defined as:

FFN(Z) = o(ZW{ + 1b] ) W] + 1b], (24)

where W, € R%>*d W, ¢ R4 b, € R% b, € R, 1 € RV*! is the all-ones vector producing
broadcasted bias addition consistent with Section |3} and o is a pointwise nonlinear activation, typically
GELU [39].
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The MHSA and FFN sublayers are combined within each Transformer block through residual con-
nections and layer normalization. The original architecture of Vaswani et al. [38]], applies layer normal-
ization after the residual addition (Post-LN):

7' =LNZ + MHSA(Z)),  Z" = LNZ' + FEN(Z")). (25)

Subsequent work [40] demonstrated that applying normalization before the sublayer (Pre-LN) improves
optimization stability, yielding the formulation adopted in most modern Vision Transformers:

7' =7 + MHSA(LN(Z)), 7" =7' + FFNLN(Z")), (26)

where Z”" serves as the input to the next Transformer block. In both variants, the residual connections
facilitate gradient propagation analogously to the skip connections of Section [3.3][35]].

5 Advances in Vision Transformer Architectures

The foundational ViT architecture introduced in Sections[d.TH4.3|demonstrated that global self-attention
over a sequence of visual tokens can serve as an effective alternative to the convolutional operator ¢
discussed in Section [3| Despite its conceptual simplicity and strong empirical performance, the origi-
nal formulation exhibited several limitations. In particular, it lacked the strong spatial inductive biases
naturally provided by convolution, incurred the quadratic computational cost associated with the atten-
tion matrix A, € RV+*DXWV+D "and required large-scale training datasets to compensate for the absence
of convolutional priors. Subsequent developments in the Vision Transformer literature can largely be
interpreted as attempts to address these challenges.

5.1 Positional Awareness

A fundamental challenge in Vision Transformers is encoding spatial relationships within an architecture
whose attention mechanism is intrinsically permutation-invariant. The original ViT addressed this issue
through learned absolute positional embeddings p, € R? added to the input token sequence. However,
absolute encodings are tied to a specific input resolution and do not explicitly model relative spatial
relationships.

Conditional Positional Encodings (CPE) [41] generate positional information adaptively from local
token neighborhoods, allowing the model to generalize more naturally across varying image resolutions.
An alternative strategy introduces relative positional information directly into the attention computation
through learnable biases:

(27)

Apln,m] = softmax(Qh[n’ 1 Kplm, :]" + rnm)’

\
where r,,;,, depends on the relative displacement between tokens. Unlike absolute embeddings, this for-
mulation allows the model to reason about spatial relationships independently of absolute coordinates.
The importance of relative positional information extends beyond spatial awareness. Cordonnier et
al. [42]] demonstrated that multi-head self-attention can, in principle, reproduce the behavior of a convo-
lutional layer when relative positional offsets are incorporated into the attention mechanism. Specifically,
a MHSA layer with Hpeags > k? heads can emulate a convolution with kernel size k; X k, by assigning
individual heads to specific relative offsets A = s, — s, € 72 Through suitable relative positional bi-
ases ra, the resulting attention distribution becomes concentrated on predefined spatial neighborhoods,
reproducing the weighted aggregation performed by a convolutional kernel. This result establishes a
theoretical connection between self-attention and convolution, suggesting that Transformer architectures
can recover convolution-like inductive biases directly from data rather than imposing them explicitly.
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Other approaches, such as deformable attention, further relax the rigid structure of global self-
attention by allowing each query token to attend selectively to content-dependent spatial locations. In this
manner, deformable attention introduces a compromise between the locality of convolutional receptive
fields and the unrestricted receptive field of full self-attention.

5.2 Hierarchical Transformers

A second line of research seeks to recover the hierarchical processing structure that characterizes con-
volutional networks. In the original ViT, the number of tokens remains fixed throughout the network, so
every layer operates on representations Z(' € RV*1D*4 of identical spatial extent. This design contrasts
with CNNs, where spatial resolution is progressively reduced while semantic abstraction increases.

The Swin Transformer [23] reintroduces hierarchical processing by partitioning the token sequence
into non-overlapping windows and restricting self-attention to tokens within each window. To en-
able cross-window communication, consecutive layers alternate between standard window attention and
shifted-window attention:

7z — g (6 MHSAW(LN(Z(@)) , 7+2) — g (t+1) | MHSASW(LN(Z(€+1))) s (28)

where MHSAw and MHSAgw denote window and shifted-window attention, respectively. Combined
with patch-merging operations, this strategy reduces the complexity from O(N’d) to O(NM?d), which
scales linearly with the number of tokens for a fixed window size M, while simultaneously recovering a
multi-scale feature hierarchy analogous to that of CNNss.

5.3 Computational Efficiency

Although self-attention provides a global receptive field, the computation of Aj requires pairwise inter-
actions between all tokens, resulting in a computational complexity of O(N*d). This quadratic scaling
rapidly becomes prohibitive for high-resolution inputs and has motivated numerous approximation strate-
gies.

Linear attention methods approximate the softmax kernel through a feature mapping that converts the
attention operation into a computation that scales linearly with the number of tokens. Other approaches
exploit the two-dimensional structure of images through factorized attention, which decomposes dense
token interactions into separate row-wise and column-wise operations. Dynamic token sparsification
further reduces computational requirements by retaining only the most informative subset of tokens at
each layer, reducing the effective sequence length processed by self-attention.

Collectively, these approaches seek to preserve the expressive power of global attention while im-
proving scalability to larger image resolutions and longer token sequences.

5.4 Data-Efficient Training

Although architectural modifications can improve spatial modeling and computational efficiency, Vision
Transformers also exhibit substantial data requirements due to the absence of the strong inductive biases
naturally provided by convolution. DeiT [22]] addresses this limitation through a knowledge-distillation
framework in which a convolutional teacher network guides the training of the Transformer.
Specifically, DeiT introduces a distillation token Zgigin € R4, which is processed jointly with the
visual tokens throughout the Transformer encoder. Let z”/ .. denote its final-layer representation. Dur-

distill
ing training, z receives supervisory information from a convolutional teacher model, leading to the
objective

1
distill

£= 5 Len(we). ) + 5 Lo ). Vs 09)
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where ¢ denotes a linear classification head and Yeacher corresponds to the prediction produced by the
teacher network. This strategy effectively transfers convolutional inductive biases into the Transformer
during training and substantially improves sample efficiency without modifying the architecture itself.

5.5 Locality-Aware Attention Mechanisms

Although self-attention provides global interactions from the earliest layers, it is not specifically opti-
mized for extracting fine-grained local visual structures. Several architectures therefore seek to augment
Transformer representations with locality-aware mechanisms that preserve short-range spatial dependen-
cies while retaining the flexibility of attention-based processing.

Vision Outlooker (VOLO). VOLO (Vision Outlooker) [43]] introduces Outlook Attention, a locality-
aware attention mechanism designed to enrich token representations before global reasoning is per-
formed. Instead of computing pairwise interactions across all tokens, Outlook Attention aggregates
information within a local neighborhood and dynamically adapts the aggregation weights according to
the content of the center token.
Given atoken Z ;). € R< and a local neighborhood N(i, j), the neighboring values are first projected
as
V([J‘) = {Z(,‘/J/),;WV : (l',,j,) S N(i, J)} S szXd, (30)

while the center token generates a position-dependent attention map

’A\(,-, = softmax(reshape(Z(,-, j),;WA)) € szsz, (31)

which is used to aggregate neighborhood information:
Yij) = A Vi (32)

Unlike standard self-attention, Outlook Attention performs adaptive local aggregation, occupying an
intermediate position between convolution and global self-attention by combining locality-aware pro-
cessing with content-dependent weighting.

Global Context Vision Transformer (GC ViT). A complementary strategy is adopted by the Global
Context Vision Transformer (GC ViT) [44], which explicitly combines local and global context model-
ing within a hierarchical Transformer architecture. Rather than relying on shifted windows to propagate
information across regions, GC ViT augments local attention with globally informed query tokens ex-
tracted from the entire feature hierarchy.

Let Z € RV*? denote the token representation within a local window. Local self-attention captures
short-range spatial interactions, while a global query generator produces a compact set of context tokens
G e RMxd, M < N, that encode information aggregated from multiple image regions. These global
tokens are subsequently used as queries while local tokens provide the corresponding keys and values.
The resulting attention operation is

T

Attention(G, K, V) = softmax( GK

Vi

where B denotes a learnable relative positional bias term [44]. By allowing globally extracted queries

to interact with local key-value representations, GC ViT enlarges the effective receptive field while pre-
serving the computational efficiency of window-based attention.

Furthermore, GC ViT incorporates modified Fused-MBConv blocks within its hierarchical backbone,

introducing convolutional inductive biases and improving inter-channel feature modeling. Consequently,

+ B) V, (33)
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the architecture combines local feature extraction, efficient global context aggregation, and hierarchical
representation learning within a unified framework [44]].

Together, VOLO and GC ViT illustrate two complementary approaches to locality-aware Trans-
former design. VOLO emphasizes adaptive local aggregation through Outlook Attention, whereas GC
ViT combines local window processing with globally informed context tokens. These developments
foreshadow the more explicit integration of convolution and attention mechanisms discussed in Chap-

ter [6l

5.6 Alternatives to Self-Attention

The remarkable success of Vision Transformers has motivated a broader investigation into the fundamen-
tal components responsible for their performance. In particular, several studies have questioned whether
self-attention itself is the critical factor behind the effectiveness of Transformer-based vision models, or
whether other architectural characteristics, such as tokenized representations, deep residual architectures,
large-scale pre-training, and global information mixing, play a more decisive role. This line of research
has led to the development of architectures that preserve the token-based processing paradigm of Vision
Transformers while replacing self-attention with alternative mechanisms for information exchange.

One of the earliest and most influential examples is MLP-Mixer [45]]. Similar to ViT, an input image
is first divided into non-overlapping patches and projected into a sequence of visual tokens. However,
instead of employing multi-head self-attention, MLP-Mixer relies entirely on multilayer perceptrons
(MLPs) that are repeatedly applied across either spatial locations or feature dimensions. This design
separates spatial communication from feature processing through two complementary operations: token
mixing and channel mixing. For an input representation, X € R¥*¢, where N denotes the number of
image patches and d the embedding dimension, MLP-Mixer relies entirely on multilayer perceptrons
(MLPs) that are repeatedly applied across either spatial locations or feature dimensions. Specifically, the
token-mixing MLP exchanges information among different image patches while keeping the embedding
dimension fixed:

U*,i = X*,i + Wtoken,Z O'(Wtoken,l LN(X)*J) s i=1,...,d, (34)

where X.; € RV denotes the i-th embedding dimension across all tokens. Subsequently, a channel-
mixing MLP is applied independently to each token, aggregating information across the embedding
dimension:

Y« =Uj. +Wen2 O'(Wch,l LN(U)j,*) , j=1,...,N, (35)

where Uj, € R4 represents the embedding of the j-th token. The token-mixing MLP therefore enables
communication among spatial locations, whereas the channel-mixing MLP combines semantic infor-
mation within each token representation. By repeatedly alternating these two operations, MLP-Mixer
captures both spatial and feature-level dependencies without explicitly constructing an attention matrix.

A related perspective is provided by the Vision Permutator (ViP) [46], which seeks to overcome the
limitations of purely token-based mixing by explicitly exploiting the two-dimensional structure of im-
ages. Unlike MLP-Mixer, which performs a linear transformation across all tokens simultaneously, ViP
encodes spatial information by separately modeling interactions along the height and width dimensions
of the image.

Let X;p € RHXWXd denote the spatial feature representation obtained by reshaping the token sequence
into its underlying two-dimensional arrangement. A Permutator block consists of two components: a
Permute-MLP responsible for spatial information encoding and a Channel-MLP responsible for feature
mixing. The overall block can be expressed as
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Y = Permute-MLP(LN(X,p)) + Xp., (36)

Z = Channel-MLP(LN(Y)) + Y, (37)

where, LN refers to LayerNorm, Permute-MLP(-) models spatial interactions by separately transforming
features along the horizontal and vertical directions before aggregating them, while Channe-IMLP(-)
performs feature mixing in a manner analogous to the feed-forward network of a Transformer block.

Consequently, ViP achieves long-range information exchange through structured permutations and
linear transformations rather than through content-dependent attention weights. This design preserves
the ability to propagate information globally while avoiding the explicit construction of an attention
matrix [46]].

Taken together, these developments reveal a common trend in the evolution of Vision Transformers.
Rather than abandoning the original ViT paradigm, subsequent architectures progressively introduce
mechanisms that improve spatial awareness, hierarchical feature extraction, computational efficiency,
and data efficiency while retaining the core self-attention framework. At the same time, many of these
advances reintroduce properties traditionally associated with convolutional networks, including locality,
multi-scale processing, and data-efficient learning.

This convergence between convolutional and attention-based design principles naturally motivates
a subsequent class of architectures that explicitly combine both mechanisms. These hybrid models are
examined in Section

Table 5: Representative Vision Transformer architectures and their principal mathematical innovations.

Model Year Main Innovation Representative Formulation Primary Benefit

ViT [8] 2020 Global self-attention on Ay = softmax(QhK; / \/E) Long-range dependency modeling
image patches

DeiT 2021 Knowledge-distillation L= %.CCE + %Ldistill Improved data efficiency
token

Swin Transformer 2021 Shifted-window attention ~ Z¢*? = Z+D 4 MHSAgw(Z(HD) Hierarchical features with near-linear

23] complexity

CvT [&7] 2021 Convolutional Q= @(Z)WQ, K= <D(Z)WK Injects convolutional inductive biases
projections for Q, K, and into attention
v

CoAtNet [11] 2021  Sequential C>C—H>A->A Balances generalization and scalability
convolution—attention
integration

VOLO 2021  Outlook Attention Yij = X(,-, LY Adaptive local feature aggregation

GC ViT [44] 2023  Global context tokens for  Attention(G, K, V) = Efficient long-range interactions
efficient local-global softmax(GKT / Ndi + B) \Y% without shifted windows
attention

MLP-Mixer 2021 Token and channel U.; = X.; + MLPoken(Xsi) No self-attention required
mixing using MLPs

ViP [46] 2021 Dimension-wise feature Y = PermuteMLP(LN(Xyp)) + Xsp Efficient spatial interaction
permutation

MaxViT [48] 2022 Multi-axis attention MBConv — BlockAttn — GridAttn Global and local interactions with

linear complexity

Table [5] summarizes the principal Vision Transformer architectures discussed in this section. Al-
though all of these models originate from the same patch-token representation framework, they introduce
different mathematical modifications to the standard self-attention formulation. These modifications
aim to improve spatial inductive bias (CvT, CoAtNet, VOLO), computational scalability (Swin Trans-
former), training efficiency (DeiT), dense prediction capability (DPT), or even replace self-attention
entirely (MLP-Mixer and ViP). Together, these architectures illustrate the diverse directions that have
emerged from the original ViT design.
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6 Hybrid and Integrated Architectures

As discussed in Section[5] many recent Vision Transformer architectures reintroduce convolution-inspired
mechanisms to improve locality modeling, data efficiency, and computational scalability. This trend re-
flects a broader convergence between convolutional and attention-based paradigms, motivating architec-
tures that explicitly combine both forms of computation within a unified framework.

Several of the architectures introduced in Section E], including CvT, CoAtNet, and MaxViT, already
exhibit varying degrees of convolution—attention integration. In the present section, these models are
revisited from a different perspective, namely as representative instances of broader hybrid design strate-
gies.

Hybrid architectures seek to integrate the strong local inductive biases of CNNs with the global
context modeling capabilities of Transformers. In the notation introduced throughout this survey, these
models combine the translation-equivariant convolutional operator ® with the global interaction mecha-
nism defined by the attention matrix A;. Although implementations vary considerably, most designs can
be organized into three architectural strategies, illustrated in Figure[3]

6.1 Taxonomy of Hybrid Architectures

Hybrid architectures seek to integrate the strong local inductive biases of CNNs with the global context
modeling capabilities of Transformers. In the notation introduced throughout this survey, these mod-
els combine the translation-equivariant convolutional operator ® with the global interaction mechanism
defined by the attention matrix A;. Although implementations vary considerably, most designs can be
categorized into three architectural strategies, illustrated in Figure

Sequential Integration. The most direct strategy performs convolutional processing in the early stages
of the network and attention-based reasoning at later stages. The output of a convolutional backbone
h(lem) ¢ RHLXWixCL ig transformed into a token sequence

Z = E vec(h™™) + P, (38)
which is subsequently processed through Transformer layers
2D = 79 + MHSA(LN(Z")). (39)

This strategy preserves convolutional inductive biases at early stages while enabling global contextual
reasoning at deeper semantic levels.

Interleaved Processing. A second strategy alternates convolutional and attention operations through-
out the network depth, applying each mechanism to the same evolving representation rather than main-
taining separate convolutional and attention pathways. In its most general form, the transformation
applied at layer € + 1 is expressed as

(+1 {+1 (+1
200 =70 4 f0(ZO0), D =gl oo™, g eg, (40)

where G denotes the set of available local and global sub-operators, including convolutional blocks,
windowed attention modules, and global self-attention mechanisms. The operator gl(.“l)(-) implicitly
includes any normalization, projection, reshaping, or residual processing required by the corresponding
architectural component.

Two practically important special cases arise from Equation (40):
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e Depth-alternating architectures (K“* = 1 for all £). Each layer applies a single process-
ing mechanism, with the selected operator varying throughout the network depth. In this case,
D {(;S(f“), MHSA(LN(-))}, where successive layers may alternate between convolutional
and attention-based processing. The specific scheduling strategy, including strict alternation,
grouped stages, or fixed convolution-to-attention ratios, depends on the architecture.

e Block-composed architectures (K‘*!) = K fixed across all layers). A predetermined sequence
of local and global operators is applied within every computational block, so that convolution
and attention interact at every depth rather than alternating across depths. MaxViT (Section [6.3)
provides a canonical example, with (g;, g2,83) = (MBCOHV, MHS Apjock, MHSAgn'd), applied
identically within each block.

Rather than separating local and global processing into distinct network stages, both mechanisms op-
erate on the same evolving representation. Consequently, each feature embedding accumulates local and
global contextual information throughout the network depth, yielding a more tightly coupled integration
of convolutional and attention-based computation than the sequential strategy described above.

Convolution-Augmented Attention. A third strategy incorporates convolutional structure directly into
the attention computation. Instead of computing queries, keys, and values through purely linear projec-
tions, convolutional aggregation is applied first:

Qi =0ZLW?, K, =0@D)Wf,  V,=dZDW,. (41)

The resulting attention mechanism operates on representations that already encode local spatial struc-
ture, thereby injecting translation-aware inductive biases into self-attention.

These three strategies occupy different positions along the locality—globality spectrum. Sequential
integration maintains a clear separation between local and global processing, interleaved architectures
combine both mechanisms throughout the hierarchy, and convolution-augmented attention embeds con-
volutional priors directly within the Transformer computation itself. The following subsections examine
representative instances of these strategies through CoAtNet, MaxViT, and CvT, respectively.

Contemporary vision foundation models increasingly combine elements of all three approaches, re-
flecting the complementary strengths of CNN and Transformer representations.

A major motivation for hybrid designs is reducing the O(N?d) cost of A; while retaining global
context modeling. This has led to a family of efficient hybrid architectures that balance performance and
computational efficiency. MobileViT [49], for instance, combines lightweight depthwise convolutional
blocks ¢ff;)v with compact Transformer blocks whose token sequence is restricted to a local window,
achieving favorable accuracy on mobile and edge devices. LeViT [50] takes a different approach, using a
convolutional stem to produce h(fem) ¢ RHLXWiXCL at reduced spatial resolution, followed by Transformer
stages with shrinking token sequences via attention pooling, combined with knowledge distillation to
improve convergence. EfficientFormer [51]] further pushes efficiency by replacing A, € RVV in early
stages with ®@-based local aggregation and applying global attention only in the final stage, maintaining
hardware-friendly tensor layouts throughout.

Several influential architectures illustrate how these integration strategies can be realized in practice,
often incorporating efficiency considerations into their core design. We now examine representative
examples, following the order established in the taxonomy above.

6.2 CoAtNet (Convolution and Attention Network)

CoAtNet [11]] is a representative example of the sequential integration strategy introduced in Section
The architecture adopts a progressive transition from convolutional processing to self-attention, follow-
ing the hierarchy

C->C-A-A
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Figure 3: Hybrid CNN-Transformer architectures. (a) Sequential integration: the convolutional front-
end extracts local visual primitives and reduces resolution; the resulting feature maps are tokenized and
processed by Transformer blocks for global reasoning. Tokenization acts as a bridge between 2D and
1D representations. (b) Interleaved processing: convolutional and attention layers alternate across the
network depth. Each MHS A block performs tokenization internally, allowing both mechanisms to coop-
erate continuously at all levels of abstraction. (c) Convolution-augmented attention: a convolutional
operator @ is applied to the input Z prior to the linear projections that produce Qy, Kj, and V;. This
incorporates the convolutional inductive bias directly into the attention mechanism while preserving its
global receptive field.

This design is motivated by the observation that convolution and self-attention possess complementary
properties. Convolution provides strong inductive biases, such as locality and translation equivariance,
which promote data-efficient learning and improved generalization. In contrast, self-attention offers
input-adaptive weighting and a global receptive field, enabling the modeling of long-range dependencies
and increasing the representational capacity of the network [[11].

The convolutional stages employ Mobile Inverted Bottleneck Convolution (MBConv) blocks, which
constitute the primary mechanism for local feature extraction in CoAtNet. Following the pre-normalization
formulation adopted by the architecture, each MBConv block first normalizes the input representation,
applies a depthwise convolution to perform spatial mixing, and subsequently projects the resulting fea-
tures through pointwise (channel-wise) transformations. The output is then combined with the input
through a residual connection, yielding

h© = D+ Wiio(0au(LNGD) W) “

where LN(-) denotes layer normalization, ®@qy,(+) represents the depthwise convolution operator, ng;)v and

Wg;), denote depthwise and pointwise learnable projections, respectively, and o7(-) is a nonlinear activa-
tion function. This formulation captures the characteristic MBConv structure, in which computationally
efficient depthwise convolutions extract local spatial patterns while pointwise projections perform chan-
nel mixing within an inverted bottleneck design [52, [11]].

While MBConv blocks efficiently capture local spatial interactions, their receptive field remains in-
herently constrained by the size of the convolutional kernel. To model long-range contextual dependen-
cies, CoAtNet progressively replaces convolutional processing with attention-based operations at deeper
levels of the hierarchy. As the network depth increases and the spatial resolution decreases, the architec-
ture transitions from convolutional stages to attention stages. This design is motivated by the quadratic
complexity of global self-attention, which becomes computationally feasible only after sufficient spatial
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downsampling has been performed by the preceding convolutional layers.
The attention stages employ relative self-attention, whose attention weights are defined as

(43)

. AT
Ah[n’ m] = SOftmax(Qh[n’ ']Kh[m9 ] + I"A) ’

Vi

where r, is a learnable relative positional bias and A = s,, — s, denotes the relative displacement be-
tween spatial locations. Unlike absolute positional embeddings, the relative bias depends solely on the
displacement between positions rather than their absolute coordinates, allowing the model to encode rel-
ative spatial relationships while simultaneously benefiting from the adaptive interactions characteristic
of self-attention [11]].

A key insight underlying CoAtNet is that relative attention provides a unifying formulation that
bridges convolution and self-attention. The attention logits combine a content-based similarity term,
Quln, :1K,[m, :]7, with a position-dependent bias, r, thereby integrating semantic relationships and spa-
tial structure within a single mechanism. Consequently, the model retains important inductive biases
traditionally associated with convolution while exploiting the global context modeling capabilities of
self-attention [11].

The sequential arrangement of C and A stages is further supported by the empirical analysis of Dai
et al. [11]. Their results indicate that architectures in which convolutional stages precede attention
stages exhibit superior generalization on moderate-scale datasets, whereas architectures incorporating a
larger proportion of attention layers achieve greater representational capacity when trained on large-scale
datasets. Consequently, the progressive transition

Co>C—-A—>A

provides an effective balance between inductive bias, model capacity, and computational efficiency.

From a representation-learning perspective, this hierarchy can be interpreted as a gradual expan-
sion of the effective receptive field. Convolutional stages initially aggregate information from localized
neighborhoods to construct increasingly abstract visual representations. Subsequently, attention stages
integrate information across distant spatial locations, enabling semantically related regions to interact
regardless of their geometric separation. This staged progression reflects the empirical observation that
local inductive biases are most beneficial during early visual processing, whereas global interactions
become increasingly important as semantic abstraction increases. The resulting

Co>C—-A->A

hierarchy therefore constitutes the central architectural principle of CoAtNet and illustrates how sequen-
tial integration can effectively combine the complementary strengths of convolution and self-attention
[T

6.3 MaxViT (Multi-Axis Vision Transformer)

MaxViT [48] exemplifies the block-composed instance of the interleaved processing strategy defined
in Section Rather than separating convolution and attention into distinct stages, or alternating be-
tween them across depth, MaxViT applies a fixed composition of three sub-operators, MBConv, Block
Attention, and Grid Attention, within every block at every depth.

The overall architecture follows a conventional hierarchical design consisting of a convolutional stem
and multiple stages of decreasing spatial resolution. However, each stage is constructed from repeated
MaxViT blocks, which combine convolutional and attentional processing within a single computational
unit. Specifically, as illustrated in Fig. ] a MaxViT block consists of three sequential sub-operators:
(1) a Mobile Inverted Bottleneck Convolution (MBConv) layer for local feature extraction, (2) a Block
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Attention module for local window-based self-attention, and (3) a Grid Attention module for global
grid-based self-attention. Each sub-operator is followed by a residual connection that facilitates gra-
dient propagation and feature reuse. This design enables the network to capture both local and global
dependencies throughout its depth, including early high-resolution stages where global interactions are
typically omitted due to computational constraints.
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Figure 4: Compact structure of the MaxViT block, with MBConv, Block Attention, and Grid Attention
connected sequentially through residual connections.

The convolutional component of the block is implemented through MBConv layers, which provide
efficient local feature extraction while preserving the beneficial inductive biases of convolution. Fur-
thermore, the depthwise convolution used within MBConv can be interpreted as a form of conditional
positional encoding, allowing the architecture to incorporate spatial information without relying on ex-
plicit positional embeddings [48]].

A key contribution of MaxViT is the introduction of multi-axis self-attention, which forms the atten-
tion component of the MaxViT block. Consider an intermediate feature representation h(© ¢ RFXWxC,
containing N = HW spatial locations. Rather than computing attention over all pairs of tokens, MaxViT
decomposes the interaction process into two complementary sparse attention operations that are applied
sequentially after a convolutional sub-step.

The first stage consists of a Mobile Inverted Bottleneck Convolution (MBConv) block, which per-
forms efficient local feature extraction while preserving convolutional inductive biases. The output of
this stage is

h = h® + MBConv(h*), (44)

where the residual connection facilitates gradient propagation and feature reuse.
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Following MBConv, MaxViT applies Block Attention, which partitions the feature map into non-
overlapping windows of size M X M, performs self-attention independently within each window, and
then restores the attended representations to their original spatial positions:

1O = KO + Unblock M(MHSAblock(LN(BIOCkM (H(f))))) ’ 4

where Block,,(+) partitions the feature map into non-overlapping windows of size MxM, and Unblock;(-)
restores the attended window representations to their original spatial positions once self-attention has
been computed within each window.

Although Block Attention efficiently models regional context, its receptive field remains restricted to
the extent of each local window. To enable global communication, MaxViT subsequently applies Grid
Attention. Instead of grouping neighboring tokens, the feature map is reorganized into sparse spatial
grids whose elements are drawn from distant image locations, self-attention is performed within each
grid, and the result is restored to its original spatial arrangement:

N =T+ U (M A (LN(Gr0o ). 0

where Gridg(-) partitions the feature map into sparse grids of size G X G whose elements originate from
distant spatial locations, and Ungrid;(-) restores the attended grid representations to their original spatial
arrangement once self-attention has been computed within each grid.

Equation captures local interactions among neighboring tokens while maintaining computa-
tional efficiency. Equation (#6) complements this by enabling global information exchange: because
each grid contains elements originating from distant spatial locations, self-attention within a grid prop-
agates information across the entire image. Consequently, Block Attention and Grid Attention provide
complementary local and global interactions that together approximate the representational benefits of
dense self-attention while remaining computationally efficient [48]].

Instead of forming a dense attention matrix Aj, € R¥*N, MaxViT factorizes global interactions into
these two sparse attention mechanisms. Both Block Attention and Grid Attention operate on windows of
fixed size — M X M and G X G respectively — independent of the total number of tokens N, so the cost
of each scales linearly with N rather than quadratically. The resulting computational complexity can be
expressed as

O(M?N + G*N) = O((M* + G*N), (47)
which scales linearly with the number of spatial tokens N, in contrast to the quadratic complexity
O(N?) of conventional self-attention [48]). This efficiency allows global receptive fields to be maintained
throughout the entire network, even in high-resolution stages where full attention would be prohibitively
expensive.

Equations (@4)-(6) together instantiate the block-composed form of the interleaved-processing
strategy defined by Equation (40) in Section By combining MBConv, Block Attention, and Grid
Attention within each computational block, MaxViT integrates convolutional locality and global contex-
tual reasoning throughout the feature hierarchy rather than assigning them to separate network stages.

6.4 CvT (Convolutional Vision Transformer)

CvT (Convolutional Vision Transformer) [47]] represents the convolution-augmented attention paradigm
introduced in Section [6.1] As shown in Equation @I)), CvT replaces the purely linear query, key, and
value projections of a standard Vision Transformer with convolutional projections: a shared convolu-
tional operator @ first aggregates local spatial context from Z, after which per-head linear maps W,
Wf , WZ produce the query, key, and value representations for each attention head. In practice, O is
instantiated as a depthwise-separable convolution, and the key/value branches are additionally applied
with stride greater than one, subsampling the token sequence used for K, and V,, relative to Qy; this
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is what allows CvT to reduce the computational cost of self-attention relative to a standard ViT block,
since the number of key/value tokens is reduced along with their content. The convolutional operator
@ aggregates information from local spatial neighborhoods before attention is computed, enabling each
attention head to operate on representations that already encode local contextual structure.

From an architectural perspective, the convolutional projections serve two complementary purposes.
First, they introduce translation-aware inductive biases that improve optimization and generalization,
particularly in moderate-data regimes where purely attention-based models often require large-scale pre-
training. Second, they perform local feature aggregation prior to the computation of pairwise attention
similarities, enabling the self-attention mechanism to reason over richer spatial representations [47]].

Beyond the attention mechanism itself, CvT also modifies the tokenization process. Rather than
relying on the fixed patchification operation used by the original Vision Transformer, CvT employs
convolutional token embedding layers that jointly perform feature extraction and spatial downsampling.
Let x € R*WXC denote the input image. The initial token representation can be expressed as

Z(O) = (I)ernbed(x)e (48)

where ®¢yheq 1 @ convolutional embedding operator producing a sequence of visual tokens. Unlike the
patch embedding matrix E introduced in Sectiond.1] the convolutional embedding preserves local spatial
continuity while simultaneously reducing the spatial resolution.

Similar to modern convolutional backbones, CvT adopts a hierarchical multi-stage architecture in
which the spatial resolution is progressively reduced while the feature dimensionality increases. Con-
sequently, deeper stages operate on increasingly compact and semantically rich token representations.
This hierarchical design improves computational efficiency and more closely resembles the multi-scale
feature hierarchy characteristic of convolutional neural networks.

An additional advantage of convolutional token embedding is that the resulting feature representa-
tions implicitly encode positional information. Unlike ViT, which requires explicit positional embed-
dings to recover the spatial arrangement of image patches, CvT captures spatial relationships through the
convolutional operator itself. Because the receptive field of each convolution depends on the relative ar-
rangement of neighboring pixels, the generated tokens naturally retain spatial awareness. Consequently,
CvT eliminates the need for explicit positional embeddings without degrading performance [47]].

The complete CvT block can therefore be interpreted as the composition

ZY =79 + MHSA(Q. K", Vi), (49)

with Qf) , Kf), Vg) obtained from LN(Z©) via Equation (1)), followed by a standard Transformer feed-
forward sub-block with its own residual connection,

2D = ZD L FEN(LN(Z“D)). (50)

In contrast to conventional Vision Transformers, where locality is introduced through positional en-
codings or attention constraints, locality in CvT is embedded directly into the feature representations
participating in the attention computation.

6.5 The Locality—Globality Spectrum

Hybrid CNN-Transformer architectures can be understood as operating along the locality—globality
spectrum identified in Section f} the three integration strategies formalized above differ primarily in
where in the network the transition from local ®-based processing to global A,-based processing occurs.
Sequential integration places the boundary between the convolutional front-end hem) and the Trans-
former back-end Z; interleaved processing composes local sub-operators ¢©) and global sub-operators
MHSA within the same computational stream at every depth, either by alternating between them across
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layers or, as in MaxViT (Section [6.3), by applying a fixed composition of both within every block; and
convolution-augmented attention embeds ® within the query, key, and value projections of each attention
head. The convergence of CNNs and ViTs evidenced by architectures such as ConvNeXt (Section [3.3),
CvT, CoAtNet, and MaxViT suggests that future vision systems will increasingly rely on adaptive mix-
tures of local and global processing, with the architectural boundary between the two paradigms be-
coming progressively less distinct. While the preceding examples focus primarily on CNN-Transformer
hybrids, the broader landscape of cross-paradigm architectures is considerably richer.

6.5.1 Generative-Discriminative Integration

The clearest mathematical expression of cross-paradigm integration is the Diffusion Transformer (Sec-
tion [8.4.4), where the denoising network €(Z, , ¢) is parameterized by a ViT operating on latent patch
tokens Z,;. The latent space itself is produced by a convolutional encoder & applied once to the clean
image, zgp = &(Xp), after which the noised latents z, for ¢t > 0 are obtained by the forward diffusion
process applied directly in latent space, rather than by re-encoding pixel-space observations at each step.
The full generative pipeline is therefore:

D Po(zolZy,¢) Po(211Z2,¢) po(zr-1|Z7,€)
X0 < Zo VAl cee

zr ~ N(0,1),

where D is a convolutional decoder applied only at the final step to recover Xp, and each reverse step is
computed by the Transformer €y4(Z;, t, ¢) with Z, = E vec(z;) + P. Similarly, multimodal systems such
as CLIP align a ViT image encoder producing an image embedding v € R? with a text Transformer
producing a text embedding u € R, via a contrastive objective over paired embeddings in Y, enabling
zero-shot transfer without task-specific supervision.

7 Foundation Models and Multimodal Learning

Foundation models are built upon the premise that large-scale pretraining on diverse and heterogeneous
data sources can produce general-purpose representations that transfer across tasks, domains, and modal-
ities. Rather than optimizing a model for a single downstream objective, the goal is to learn reusable
representations that can be adapted to a broad range of perceptual, reasoning, and generative capabilities.
Figure [5| illustrates the foundation-model paradigm, in which large-scale pretraining on diverse visual
and multimodal data produces transferable representations that can be adapted to a broad spectrum of
downstream capabilities, ranging from traditional computer vision tasks to multimodal reasoning and
generative modeling.

The central idea underlying foundation models is that scale, diversity of training data, and self-
supervised learning can jointly produce representations that generalize beyond the tasks observed during
training. Unlike conventional models trained to optimize a single task, foundation models learn trans-
ferable representations that can be reused across multiple downstream settings with little or no task-
specific adaptation. In computer vision, this paradigm encompasses both self-supervised visual repre-
sentation learning and multimodal learning. Methods such as DINO, DINOv2, and DINOv3 demonstrate
that large-scale self-supervised pretraining can produce highly transferable visual representations, while
models such as CLIP, ImageBind, and LLaVA extend these principles to vision-language and multi-
modal settings. Together, these developments illustrate how the general learning framework introduced
in Section can be extended beyond task-specific optimization toward increasingly general-purpose
visual intelligence.
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Figure 5: Conceptual illustration of the foundation-model paradigm. Large-scale multimodal data orig-
inating from diverse acquisition sources and modalities are used during pre-training to learn a general-
purpose foundation model. The resulting representations can subsequently be adapted to a broad spec-
trum of downstream capabilities, ranging from traditional perception tasks to more advanced reasoning
and emergent capabilities.

7.1 Promptable Segmentation: Segment Anything Model

The Segment Anything Model (SAM) [54] represents a major step toward general-purpose vision sys-
tems by extending the foundation model paradigm to image segmentation. Unlike conventional seg-
mentation models that are trained for specific datasets, object categories, or segmentation tasks, SAM
is designed to segment arbitrary objects in previously unseen images through prompt-based interaction.
This ability is enabled by large-scale pretraining on the SA-1B dataset and by a promptable architecture
that decouples image understanding from task-specific supervision.

From a mathematical perspective, SAM extends the conventional vision mapping fp : X — Y to a
promptable mapping

Jo: XXP - Y,

where # denotes a space of sparse prompts (points and bounding boxes) or dense prompts (masks),
and Y C {0, 1}XWxK is the segmentation output space introduced in Section The architecture is
composed of three principal modules: an image encoder Eimg, a prompt encoder Eprompt, and a mask
decoder Dy. Together, these modules define the mapping

Jo(x,p) = z)G(Zimga Zprompt) > (51
where the latent representations are produced by

Zimg = Simg(x)’ Zprompt = 8prompt(p)-

More specifically:
e The image encoder produces
Zimg = Eimg(x) € RV,

where &g is a large Vision Transformer backbone (ViT-H/16) pretrained using masked autoen-
coding [55]. The resulting token matrix follows the same representation structure as the Trans-
former tokens Z introduced in Sectiond] Since the image embedding depends only on X, it can be
computed once and reused across multiple prompts.
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e The prompt encoder produces

Mxd
Zprompt = aprompt(p) €R >

where M denotes the number of prompt elements. Sparse prompts are mapped to positional em-
beddings analogous to p,, while dense prompts are processed through convolutional operators @
to generate spatial feature maps.

e The mask decoder Dy is a lightweight Transformer that performs cross-attention between Zprompt
and z;,e and produces segmentation masks in the output space Y.

The model is trained using a combination of focal loss and Dice loss:

L(0) = Lioca(fo(X, P), ¥) + A Lpice(fo(X, P).Y) (52)

where y € Y denotes the ground-truth mask and A controls the relative contribution of the Dice term.

A key design insight of SAM is the separation between the computationally expensive image en-
coder &g and the lightweight prompt-conditioned decoder Dy. The image encoding stage incurs a cost
of approximately O(N?d) and is executed only once per image, while prompt decoding scales approxi-
mately as O(Md) and can be evaluated repeatedly for different user queries. This decomposition enables
interactive real-time segmentation while preserving the global receptive field provided by the attention
matrix Ay.

7.2 Self-Supervised Visual Representations: From DINO to DINOv3

The emergence of Vision Transformers enabled a new family of self-supervised learning methods ca-
pable of learning semantic visual representations directly from unlabeled images. Among the most in-
fluential approaches is DINO (Distillation with No Labels), which reformulates self-supervised learning
as a teacher—student self-distillation problem. Unlike contrastive methods that rely on negative samples,
DINO learns visual representations by enforcing consistency between different views of the same image
through a momentum-updated teacher network.

Let x € X denote an input image and let V = {vi,...,vy} be a collection of augmented views
generated from x. Two Vision Transformers are considered: a student encoder fp, and a teacher encoder
far

For each view v € V, the student and teacher Vision Transformers produce final token matrices

Z:(V), Z;’(V) e R(N+1)Xd,

where
"oy _ [, ™ ) " (v)
Z _[zo Y PRI 4 ]

The first token zg(v) € R? corresponds to the classification token and serves as a global image repre-

’” "
sentation, whereas the remaining tokens z, o N / N(V)

The self-distillation objective is applied exclusively to the classification tokens zg(sv) and zg(tv). These
are passed through a projection head

encode local patch-level information.

gy RY —» RE
parameterized by i, yielding
vW=gu(z,?). v =gu(z,)). (53)

where ygv), ygv) € RX are the student and teacher outputs, respectively, and K denotes the dimensionality

of the prototype space used by the self-distillation objective.
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The outputs are transformed into probability distributions using a temperature-scaled softmax,

o 3
pl) = softmax(;] , p = softmax[’—], (54)
s Tt

where 7, and 7, denote the student and teacher temperatures, respectively.
The student is trained to match the teacher predictions across different views of the same image
through the cross-entropy objective

Lomo =~ ». p{"Tlogp,”. (55)
V,',V]'E(V
V,':FVj

The teacher parameters are not optimized directly through gradient descent. Instead, they are updated
using an exponential moving average of the student parameters,

Or =0 +(A -,  u=1, (56)

which provides stable targets throughout training [S6].

A remarkable property of DINO is that semantic organization emerges despite the fact that the loss
is applied only to the classification token. The patch tokens ZI(V), ces z;;,(v) do not appear explicitly in the
optimization objective. Nevertheless, the self-attention mechanism induces structured semantic informa-
tion within these spatial embeddings, causing object regions and semantic parts to emerge without any

segmentation labels or pixel-level supervision [S6].

iBOT and Patch-Level Self-Supervision. A complementary development is represented by iBOT (Im-
age BERT Pre-Training with Online Tokenizer) [S7], which extends the teacher—student paradigm to
patch-level representations. Rather than constraining only the classification token, iBOT additionally
applies self-supervision to the patch tokens z{, ..., zy, encouraging the Vision Transformer to learn se-
mantically meaningful dense representations. This extension substantially improves the quality of local

features and forms one of the building blocks of later DINOv2 models.

DINOV2: Visual Foundation Models. Building upon these observations, DINOv2 was proposed with
the explicit goal of constructing a visual foundation model capable of producing general-purpose visual
features across image distributions and downstream tasks [58]]. Unlike the original DINO, whose training
was primarily limited to ImageNet-scale datasets, DINOv2 scales both model capacity and training data.
A central contribution is the creation of a curated corpus containing approximately 142 million images
obtained through an automatic data filtering, clustering, and deduplication pipeline designed to maximize
data quality and diversity [S8].

DINOV2 retains the teacher—student formulation of DINO while combining it with patch-level self-
supervision inspired by iBOT [57]. Given a set of global views Vgjopa and local views Viocal, the
student learns representations that remain invariant across different image transformations while pre-
serving fine-grained spatial structure. Denoting the teacher and student outputs for view v by pgw and

p(sv), respectively, the image-level objective can be expressed as

Lomow== >, p"" logp!’, (57)

Ve(vg]obal U(Vlocal

The resulting representations exhibit strong transferability at both the image level and the pixel level.
In particular, the patch-token matrix
7" = [z’o’, z),....zy
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encodes rich semantic information that frequently separates objects, parts, and background regions with-
out explicit supervision. Principal component analysis applied to the patch embeddings often reveals
coherent semantic structures and object correspondences across images, demonstrating the emergence of
dense visual understanding from purely self-supervised learning [I58]].

DINOVvV3: Toward Universal Dense Visual Representations. While DINOv2 established self-supervised

Vision Transformers as powerful visual foundation models, DINOv3 further improves the quality and
stability of patch-level representations, with the explicit objective of learning dense visual features that
remain semantically consistent across images, viewpoints, scales, and appearance variations [59].

Let

7'V — [ZS(V),Z:(V)’ o ,Z;/(V)] e RIV+Dxd

denote the token matrix produced by the Vision Transformer for an augmented view v of an image. As
in previous sections, zg(v) represents the classification token, whereas Z;(V), n=1,...,N, correspond to
the patch tokens. While DINO and DINOV2 primarily enforce consistency at the image level through the
classification token, DINOv3 places additional emphasis on preserving semantic correspondences within
the patch-token representations themselves.

Given two views v; and v; of the same scene, the objective is to encourage corresponding patch
embeddings to occupy nearby locations in the representation space R?. Let C(v;,v ;) denote the set of
corresponding patch indices between both views. The dense consistency objective can be expressed as

Lgense = Z ‘

(m,n)eC(v;,v;)

1705, "y
zm(vz) _ Zn( J)

2
. (58)

2

which encourages semantically equivalent regions to remain aligned under view transformations. As a
consequence, the learned patch embeddings become more stable and discriminative than those produced
by previous self-supervised approaches.
This emphasis on dense feature consistency yields representations that are simultaneously useful at
1’

both global and local scales. The classification token z; continues to provide a compact image-level
descriptor suitable for recognition and retrieval tasks, whereas the patch-token matrix

oo ’” Nxd
Zp = zl,...,zN]eR

encodes fine-grained spatial information that can be exploited for correspondence estimation, dense re-
trieval, object discovery, segmentation, image matching, and other pixel-level vision tasks without task-
specific supervision [59]].

Consequently, DINOv3 further strengthens the foundation-model paradigm introduced by DINOv2.
Whereas DINOv2 demonstrated that large-scale self-supervised learning can produce general-purpose
visual representations, DINOv3 extends this capability to dense visual understanding by improving the
semantic consistency, stability, and transferability of local patch descriptors. Together, DINOv2 and
DINOV3 represent a significant step toward universal visual foundation models whose representations
remain effective across both image-level and pixel-level downstream tasks with minimal supervised adap-
tation [58}159].

Table [ highlights the progression of the DINO family. DINO established the teacher—student self-
distillation framework, DINOv2 transformed this paradigm into a large-scale visual foundation model
through data and model scaling, and DINOv3 further emphasizes dense semantic consistency at the
patch level. Together, these developments illustrate the evolution from image-level visual representations
toward universal visual descriptors capable of supporting both global recognition and fine-grained spatial
reasoning.

A particularly compelling demonstration of the representational quality of DINOv3 is provided by
INSID3 [60]]. Unlike conventional segmentation pipelines, which require dedicated segmentation heads
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Table 6: Evolution of the DINO family of self-supervised visual representation models.

Model Training Signal Representation Level Main Contribution
DINO [56] Cross—view self-  CLS token zg Introduces teacher—student self—distillation without
distillation Lpino labels and reveals emergent semantic structure in Vi-
sion Transformers.
DINOV2 [58] DINO + patch supervision  Image and patch tokens Z" Scales self-supervision using curated data, larger
(iBOT-inspired) ViTs, and improved training, yielding a general—
purpose visual foundation model.
DINOvV3 [59] Dense semantic consis-  Dense patch descriptors z;, Improves patch—level stability and semantic corre-
tency Ldense spondence for retrieval, matching, segmentation, and

dense visual reasoning.

or auxiliary foundation models, INSID3 operates directly in the dense DINOv3 feature space. The
method establishes semantic correspondences between reference and target images using patch-token
similarities and performs segmentation through clustering and similarity propagation. The success of
this entirely training-free framework provides strong evidence that DINOv3 patch embeddings encode
sufficiently rich semantic information to support object-, part-, and instance-level segmentation without
task-specific adaptation.

7.3 Multimodal Vision-Language Representations: CLIP

While Vision Transformers were originally developed for visual recognition, their scalability and rep-
resentation capacity have enabled their adoption within multimodal foundation models. A landmark
example is CLIP (Contrastive Language—Image Pretraining) [[61]], which extends the Vision Transformer
paradigm to joint vision—language representation learning by constructing a shared embedding space for
images and text.

Contrastive pre-training has emerged as one of the dominant paradigms for aligning visual and textual
representations in a shared embedding space. Given a batch of image—text pairs, separate image and text
encoders are used to project both modalities into a common latent space. Training is then performed
using a contrastive objective that increases the similarity between corresponding image—text pairs while
decreasing the similarity between mismatched pairs.

Given a mini-batch of aligned image—text pairs

{(X(i), T(i))}li] ,

two independent encoders are used to extract modality-specific feature representations. A Vision Trans-
former image encoder produces image features, £ ¢ R%, while a text Transformer generates text

img
features, £, € R%
Following the notation introduced in Section ] the visual feature is obtained from the final classifi-
cation token,
fimg = z{)”img = Zi'r’ng[O, 1.
The modality-specific representations are subsequently projected into a shared embedding space
through learnable projection matrices Wing and Wiey,,

f(i) Wimg

, (i)
Z(i) _ mg Z(i) _ ftextvvtext
img |l ’ Xt e) ’
£40 Wine| [ Ween |,

where zgfr)]g, zigxt € R% are £-normalized embeddings. The use of normalization allows the similarity

between image and text representations to be measured through cosine similarity.
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Pairwise similarities are computed between all image and text embeddings in the mini-batch, yielding
a similarity matrix

Sij = exp() 2077 59)

img text?

where 7 is a learnable temperature parameter. The diagonal entries S ;; correspond to matching image—
text pairs, whereas off-diagonal entries represent mismatched pairs. Consequently, the training objective
encourages the diagonal similarities to be larger than the remaining entries of the matrix.

The resulting contrastive objective can be interpreted as two symmetric classification tasks: image-
to-text retrieval and text-to-image retrieval. For the image-to-text direction, the probability assigned to
the matching text of image i is

exp(Sij)
Pi—j = B—U, (60)
D=1 €Xp(S ik)
while an analogous distribution is defined for the text-to-image direction. Let
1 < 1<
Lot = ~5 ; log pisi, Loy = ~5 ; log pici, (61)

denote the image-to-text and text-to-image cross-entropy losses, respectively. The final CLIP objective
is obtained by averaging both directions,

1
Levup = 3 (Lt + L121) - (62)

where each term treats the aligned image—text pair as the correct classification target within the mini-
batch [61]].

The learned shared embedding space enables zero-shot transfer to unseen tasks. Given a set of K
candidate classes represented by textual prompts with embeddings zZexix, classification is performed
through

o T
y=arg keﬂlaXK} ijgztext,ka (63)

where z;,; denotes the embedding of the query image. Consequently, CLIP reformulates visual recogni-
tion as a similarity-matching problem in a shared vision—language embedding space rather than learning
a task-specific classifier [61].

7.4 ImageBind: A Unified Multimodal Embedding Space

While CLIP aligns visual and textual representations through contrastive learning, IMAGEBIND extends
this paradigm by learning a single embedding space shared across multiple modalities, including images,
text, audio, depth, thermal imagery, and inertial measurement unit (IMU) signals [62]. The central
observation is that images naturally co-occur with many other sensory modalities and can therefore serve
as a universal anchor for multimodal representation learning. Remarkably, IMAGEBIND demonstrates
that direct supervision between all pairs of modalities is unnecessary: aligning every modality with
images is sufficient to induce emergent alignments among modalities that are never observed together
during training.

Let I € X; denote an image observation and M € X} an observation from another modality, such as
text, audio, depth, thermal imagery, or IMU data. IMAGEBIND considers naturally aligned pairs (I, M),
obtained from datasets where images co-occur with a second modality. Examples include image—text
pairs collected from web data, video—audio pairs, image—depth pairs, image—thermal pairs, and video—
IMU pairs [62].
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For a modality pair (I, M), modality-specific encoders f : X; — RY, g : Xy — R? produce
normalized latent representations

q= 1), k = g(M), (64)
with
akeR’, gl =kl = 1.
Given a collection of B paired samples (I;, M;), let
qf ky
dp kg

where each row corresponds to the embedding of one image or modality sample. The pairwise similarity
matrix is defined as

1
S=-QK" e RE*B, (65)
T
where 7 is a temperature parameter. Its entries
.
q; k;
Sij . J
T

measure the similarity between image /; and modality sample M.
IMAGEBIND aligns both modalities through a contrastive InfoNCE objective,

exp(S i)
L P
i=1 Zj:] eXP(Sij)
where the diagonal entries S ;; correspond to matching image—modality pairs and the off-diagonal entries

correspond to negative pairs. Following the original formulation, a symmetric objective is applied in
both directions,

Liy=-= (66)

L= Z (Lim+ L), (67)
MeM\()
with L) obtained by exchanging the roles of Q and K.

From a mathematical perspective, IMAGEBIND can be interpreted as a generalization of CLIP in
which the image modality acts as a common anchor. Whereas CLIP aligns only images and text, IMAGE-
BIND optimizes multiple image-centered contrastive objectives, inducing a single shared representation
space across all modalities.

A distinctive property of IMAGEBIND is that it never requires direct supervision between non-
image modalities. For example, the model is trained using image—text and image—audio pairs, but never
using audio—text pairs. Nevertheless, because every modality is aligned to the same image representation
space, an emergent alignment naturally appears among all modalities. Consequently, semantically related
observations from text, audio, depth, thermal imagery, or IMU signals tend to occupy neighboring regions
of the common latent space despite the absence of explicit supervision between them [62].

This emergent property enables a variety of previously unseen capabilities, including cross-modal re-
trieval, open-vocabulary classification, multimodal embedding arithmetic, audio-conditioned image gen-
eration, and cross-modal transfer learning. More broadly, IMAGEBIND demonstrates that a sufficiently
expressive anchor modality—in this case images—can serve as the foundation for learning a general
multimodal representation space without requiring exhaustive pairwise supervision among modalities.
As such, IMAGEBIND represents an important step toward universal multimodal foundation models ca-
pable of integrating heterogeneous sensory information within a single latent representation space [62].

34



1085

1090

1095

1100

1105

1110

1115

7.5 LLaVA: Visual Instruction Tuning and Multimodal Reasoning

Building upon the multimodal alignment paradigms introduced by CLIP and generalized by ImageBind,
LLaVA (Large Language and Vision Assistant) integrates visual representations into a large language
model to enable multimodal reasoning and instruction following. Rather than learning representations
primarily for retrieval or classification, LLaVA integrates visual features into a large language model, en-
abling image-grounded dialogue, instruction following, and complex visual reasoning tasks. The archi-
tecture combines a pretrained CLIP vision encoder with an instruction-tuned language model connected
through a lightweight trainable projection layer [63]].

From a broader perspective, LLaVA can be viewed as a natural evolution of CLIP-style multimodal
learning. Whereas CLIP aligns images and text within a joint embedding space and ImageBind extends
this alignment to additional sensory modalities, LLaVA injects visual representations directly into a large
language model, transforming multimodal alignment into multimodal reasoning and instruction follow-
ing. Consequently, the focus shifts from learning shared embeddings to generating coherent responses
grounded in both visual and linguistic context.

Let X, denote an input image. The image is first processed by a pretrained CLIP vision encoder g(-),
which extracts a sequence of visual feature vectors

F, = g(X,) € RV, (68)

where N, denotes the number of visual tokens produced by the vision encoder and d, is the dimensional-
ity of each visual feature vector. These features capture high-level semantic information learned during
large-scale vision—language pretraining.

Since the visual feature space generally differs from the embedding space of the language model,
LLaVA introduces a trainable projection layer that maps visual representations into language-compatible
tokens. Let W € R%*% be a learnable projection matrix, where d; denotes the embedding dimension of
the large language model. The projected visual tokens are obtained as

H, = F,WT e RNV (69)

where H, represents the visual token sequence expressed in the language-model embedding space. Con-
sequently, visual and textual tokens share a common representation space and can be processed jointly
by the language model [63].

Given a textual instruction Xiner = {X1, ..., Xy,}, consisting of N; discrete text tokens, the language-
model embedding layer transforms the instruction into

Einsr = Embed (Xing) € RV, (70)

where each row corresponds to the embedding of one instruction token. The projected visual tokens and
textual embeddings are then concatenated along the sequence dimension to construct a unified multi-
modal context,

S = [H; Eingy] € RV, (71)

which is provided as input to the language model.
The multimodal sequence is subsequently processed by the autoregressive language model fy(-),
which generates a response conditioned jointly on the visual content and the user instruction,

X, = f5(S), (72)

where X, denotes the generated response. Because both modalities are represented within the same
embedding space, the self-attention mechanism of the language model can attend simultaneously to
visual and textual tokens, thereby integrating image perception and language reasoning within a single
generative framework.
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Unlike conventional vision—language pipelines that separate perception from reasoning, this formula-
tion embeds visual information directly into the autoregressive generation process, enabling the language
model to reason over image content while producing natural-language responses [63]].

The most significant contribution of LLaVA, however, lies not in the projection layer itself but in
the training paradigm known as visual instruction tuning. Inspired by the success of instruction-tuned
systems such as InstructGPT and ChatGPT, the authors extend the same principle to multimodal learn-
ing. A key challenge is the scarcity of large-scale image—instruction datasets. To address this limitation,
LLaVA leverages GPT-4 to transform existing image—caption pairs into instruction-following examples.
Using captions and object annotations as symbolic descriptions of an image, GPT-4 generates conversa-
tional questions, detailed image descriptions, and complex reasoning tasks, thereby creating multimodal
instruction datasets without extensive manual annotation [63]].

LLaVA is trained using the standard autoregressive objective employed by large language models.
Given the multimodal context

S = [H,; Einsee]

and a target response
Xa = {-xl’ R ,XL},

the model learns to predict each output token conditioned on the visual content, the instruction, and all
previously generated tokens. The corresponding conditional probability is

L
pXa|8) = [ | ot 18, x1,-. . xic), (73)
i=1
where x; denotes the i-th response token and 6 = {W, ¢} represents the trainable parameters of the
projection layer and language model. Training therefore maximizes the likelihood of the target response
given the multimodal context. In contrast to traditional vision—-language models optimized primarily for
retrieval or classification, this autoregressive formulation enables the model to learn visual understanding,
instruction following, conversational interaction, and multimodal reasoning within a unified generative
framework [63]].

To facilitate stable multimodal learning, LLaVA adopts a two-stage training procedure. During the
first stage, referred to as feature alignment, both the CLIP encoder and the language model remain frozen
while only the projection matrix W is optimized. This stage effectively learns a visual tokenizer that
maps image features into the language embedding space. In the second stage, the projection layer and
language model are jointly fine-tuned on multimodal instruction data, while the visual encoder remains
frozen. This strategy preserves the visual knowledge encoded by CLIP and the linguistic reasoning
capabilities of Vicuna while enabling effective multimodal integration [63]].

Conceptually, LLaVA represents a shift from representation alignment to multimodal reasoning.
Whereas CLIP aligns images and text within a shared embedding space, LLaVA integrates visual per-
ception directly into the reasoning process of an instruction-following language model. As a result,
the system can perform image description, visual question answering, commonsense reasoning, conver-
sational interaction, and instruction-guided problem solving within a single autoregressive framework.
Experimental evaluations demonstrate that visual instruction tuning substantially improves multimodal
reasoning and conversational abilities, enabling LLaVA to exhibit behaviors comparable to proprietary
multimodal systems on previously unseen images and instructions [63]].

More broadly, recent multimodal architectures are evolving toward general-purpose assistants that
combine perception, language understanding, reasoning, retrieval, planning, and generation within a
shared representation space. This trend increasingly blurs the distinction between visual recognition
systems and conversational Al, suggesting a future in which foundation models function as unified mul-
timodal agents capable of interpreting and reasoning about the physical world through natural interaction
[63].
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8 Diffusion-Based Generative Models

Whereas CNNs and ViTs parameterize deterministic mappings fp : X — Y, diffusion-based generative
models define a probabilistic framework over the input space X € R¥*"*C  learning to synthesize images
by progressively denoising a Gaussian random variable.

Denoising Diffusion Probabilistic Models (DDPMs) [[13] achieve this by defining a latent variable
model over a sequence of representations {Xt}tho’ where xg ~ ¢(Xp) denotes a sample from the true data
distribution and xr ~ N(0,I) the fully corrupted endpoint. The model operates through three coupled

mechanisms formalized in the following subsections.

8.1 Forward Process

The forward process is defined as a fixed Markov chain that gradually corrupts a data sample Xy ~ g(X)
by injecting Gaussian noise according to a prescribed variance schedule {ﬂ,}thl, where 8, € (0,1). At
each diffusion step, the transition distribution is given by

a1 %) = N(x VT=Bix,B1),  1=1,....T. (74)

This formulation progressively reduces the signal-to-noise ratio of the representation while preserv-
ing a tractable probabilistic structure. Defining

t
a=1-p, a=]]ea (75)
s=1
the distribution of x; conditioned directly on the original sample Xo admits the closed-form expression

a(x; 1 x0) = N(x:: Var xo, (1 - a)l). (76)

A key consequence of Equation is that samples at arbitrary noise levels can be generated without
explicitly simulating the entire diffusion trajectory. Specifically,

X, = Va, Xo + V1 — @€, € ~ N(0,I), (77)

which provides a reparameterized sampling procedure used extensively during training. The first term
retains a progressively attenuated version of the original signal, whereas the second term injects Gaussian
noise whose magnitude increases with z.

As the diffusion process approaches its terminal state, @y — 0, the influence of X vanishes and the
marginal distribution converges to

q(x7) = N(0,1), (78)

independently of the underlying data sample. Consequently, the forward process gradually transforms
structured visual data into pure Gaussian noise, establishing the stochastic trajectory that the reverse
process must subsequently learn to invert.

8.2 Reverse Process

The reverse process defines a learned Markov chain whose objective is to invert the progressive corrup-
tion introduced by the forward process. Starting from a Gaussian latent variable

xr ~ N(0,D),
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the model gradually reconstructs a clean sample by traversing the diffusion trajectory in the reverse
temporal direction. The resulting generative model factorizes as

T
poxo.r) = pxr) | | potxio 1%, (79)
t=1
where
pxr) = N0, (80)

serves as the tractable prior distribution from which generation begins.
Each reverse transition is modeled as a Gaussian distribution whose parameters are learned from
data:

Po(Xe—1 | X)) = N(Xp—1; to(X1, 1), Zo(Xs, 1)), (81)

where 6 € ® denotes the learnable parameters of the denoising network, uy(x;, f) is the conditional mean,
and Xy(x,, 1) is the conditional covariance of the reverse transition distribution.

In practice, the model receives the noisy sample X, together with a timestep embedding encoding the
current diffusion step ¢, allowing a single network to be shared across the entire trajectory.

Unlike the forward process, whose transitions are fixed by the variance schedule {ﬂ,}thl, the reverse
transitions must be learned. Consequently, the reverse process can be interpreted as estimating the con-
ditional distribution of a less corrupted sample x,_; given the current noisy observation x,;. By repeatedly
applying the transition distribution in Equation (8T)), the model progressively transforms an unstructured
Gaussian sample into a structured image belonging to the data distribution.

The reverse diffusion trajectory therefore performs the opposite operation of Equation (74). Whereas
the forward process gradually destroys information by injecting noise, the reverse process incrementally
restores information by estimating the statistics of the underlying clean signal at every timestep. The
quality of the generated samples consequently depends on the accuracy with which the learned model
approximates the true reverse conditionals

q(Xi—1 | X1), (82)

which are intractable in general and must therefore be learned from data.

8.3 Training Objective

The parameters 6 of the reverse process are learned by maximizing the likelihood of the training data.
Direct optimization of the marginal log-likelihood log pg(Xp) is generally intractable; therefore, DDPMs
optimize a variational lower bound (ELBO) on the data likelihood [13]. A key result of Ho et al. [[13]
is that this objective can be simplified to a denoising score-matching loss, yielding a considerably more
stable and efficient training procedure.

Specifically, a timestep ¢ ~ U({1,...,T}) is sampled uniformly, together with a clean image xy ~
q(xo) and Gaussian noise € ~ N(0,1).

Using the reparameterized forward process introduced in Equation (77), a noisy sample X, is gener-
ated according to

X, = Va, Xg + V1 —a e (83)

The denoising network € is then trained to predict the noise realization € from the noisy observation
x; and the timestep ¢. The corresponding objective is

L(0) = Er o e l€ — €s(x0, DI (84)
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or, equivalently, by substituting Equation (§3),

€— Eg( Va;xo + V1 — e, t)’E] . (85)

The denoising network therefore learns to estimate the corruption process applied at each diffusion
step. Since the added noise uniquely determines the corresponding clean sample through Equation (§3)),
accurate noise prediction implicitly enables recovery of the underlying data distribution.

In practice, the noise predictor

L(Q) = Et,xo,e

& RHXWXC X {1, . ,T} N RHXWXC

is typically implemented using a U-Net backbone [64]. Modern diffusion architectures frequently aug-
ment the convolutional encoder—decoder structure with self-attention layers of the form introduced in
Section thereby combining local spatial processing through convolutional blocks ¢©* with global
context modeling through the attention matrices Aj,. As a result, contemporary diffusion models natu-
rally integrate the convolutional and Transformer paradigms discussed in the previous sections.

From the perspective of score-based generative modeling, the denoising objective in Equation (85)
can be interpreted as learning the score function of the noisy data distribution at each diffusion step. Let

q(x;) = f q(X; | Xo) g(Xo) dXo (86)

denote the marginal distribution of noisy samples at timestep ¢ induced by the forward process. The
associated score function is defined as

Vx, log g(xy), (87)

which specifies the direction of maximum increase in the log-density of the distribution g(x;) [[15]. In-
tuitively, the score indicates how a noisy sample should be adjusted in order to move toward regions of
higher probability under the data distribution.

For the Gaussian corruption process of Equation (76), it can be shown that the score is directly
related to the injected noise €. Consequently, training the network €y to predict the corruption noise as
in Equation (83) is equivalent to learning the score function of the noisy data distribution [[13} [15]. The
denoising network therefore provides an estimate of the local geometry of the probability density at every
noise level.

This connection establishes a bridge between diffusion models and score-based generative modeling,
where the reverse process can be viewed as following the learned score field from noise toward the
data manifold. Under this interpretation, diffusion models correspond to discrete approximations of
continuous stochastic differential equations, a perspective that will be revisited in Section [8.4.1]

At inference time, image synthesis proceeds by sampling xr ~ N(0,I) and repeatedly applying the
learned reverse transitions defined in Equation (81). After traversing the entire trajectory from t = T
to t = 0, the resulting sample x¢ approximates a draw from the underlying data distribution g(xp).
Consequently, generation may be interpreted as the iterative refinement of an initially random Gaussian
sample into a structured image through successive denoising steps.

8.4 Extensions of the DDPM Framework

The foundational DDPM framework of Section [8.1]established the forward diffusion process g(x; | X;-1)
and the denoising objective of Equation as a stable alternative to adversarial training. Despite
its success, the original formulation exhibits several practical limitations, including slow sampling due
to large diffusion horizons, high computational cost arising from pixel-space processing, and limited
controllability during generation. The following developments progressively address these challenges.
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8.4.1 Continuous-Time Diffusion

The discrete-time diffusion process introduced in Section [8.1] can be generalized to a continuous-time
formulation through stochastic differential equations (SDEs) [[15]. This perspective establishes a direct
connection between diffusion models and score-based generative modeling, viewing the diffusion trajec-
tory as a continuous stochastic process rather than a finite sequence of noise-injection steps.

Let x(1) € RFXWXC denote the data representation at continuous time ¢ € [0, T']. The forward diffusion
process is governed by the 1t6 SDE

dx = f(x, 1) dt + g(t) dw, (88)

where f : RP x R — RP is the drift function, g : R — Ry is the diffusion coefficient, D = HWC, and w
denotes a standard Wiener process. The drift term controls the deterministic evolution of the trajectory,
whereas the diffusion term injects stochastic perturbations.

The variance-preserving diffusion process used by DDPMs is recovered as a particular instance of
Equation (88)) by choosing

1
f(x.0) = —5B0x,  8(0) = VBO. (89)

where S(¢) is the continuous counterpart of the discrete variance schedule {5t},T:1- Under this param-

eterization, the continuous-time process gradually transforms samples from the data distribution into
Gaussian noise, exactly mirroring the behavior of the discrete forward diffusion chain.
A key result established by Song et al. [[15] is that the corresponding reverse-time process is itself an
SDE:
dx = [f(x,1) - g(t)*Vx log pi(x)| dt + g(t) dW, (90)

where p;(x) denotes the marginal distribution of the forward process at time ¢, Vg log p,(x) is the score
function introduced in Equation (87), and dw represents a reverse-time Wiener process. The reverse SDE
therefore depends on the score of the noisy data distribution at every diffusion level.

Since the score function is generally unknown, it is approximated by a neural network

so(X, 1) = Vxlog py(x), O

which is learned through the denoising objective of Equation (83). Consequently, the noise predictor
€(x;, 1) employed in DDPMs can be interpreted as an implicit estimator of the score function, thereby
linking denoising diffusion models with continuous score matching frameworks.

An additional consequence of the SDE formulation is the existence of an equivalent deterministic
process known as the probability-flow ordinary differential equation (ODE):

dx = |f(x, 1) - %g(l)2VX log p,(x)|dt. (92)

Unlike Equation (90), the probability-flow ODE contains no stochastic term and therefore defines a
deterministic trajectory from
xr ~ N(0,I)

to a sample
X0 ~ ¢(Xo).

This observation provides a unified mathematical framework encompassing both stochastic diffusion
sampling and deterministic generation procedures, while offering valuable theoretical insight into the
dynamics of modern diffusion models.
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8.4.2 Latent Diffusion Models

While continuous-time formulations improve the efficiency and theoretical understanding of diffusion
models, the denoising network e still operates directly in the high-dimensional image space R7*W*C,
As image resolution increases, both memory consumption and computational cost scale accordingly.
Latent Diffusion Models (LDMs) [18] address this limitation by decoupling perceptual compression
from generative modeling through a pretrained autoencoder.
The encoder
z = E(xq) € R™>e, (93)

maps images into a compact latent representation, while the decoder
X0 = D(z) (94)

reconstructs the image from the latent code. Here, h = H/ f, w = W/ f, for a downsampling factor f > 1,
and typically hwe << HWC.

Rather than applying diffusion in pixel space, the forward and reverse processes are defined directly
on the latent representation. The forward transition becomes

q(2; | 2-1) = N(Zt; vI-p5 Zt—l,,BtI) ) 95)
while the denoising objective is
L(0) = Byyy.elle — ez 1)l3] (96)

where zp = &(Xp). Since diffusion operates in a substantially lower-dimensional space, training and
sampling become significantly more efficient while perceptual quality is preserved through the decoder
D.

8.4.3 Conditional Generation and Classifier-Free Guidance

Although latent diffusion significantly improves computational efficiency, the generative process remains
unconditional. Consequently, the model provides no direct mechanism for controlling the content of
the generated sample. Conditional diffusion models address this limitation by introducing an auxiliary
conditioning variable ¢ € C, which may encode class labels, textual descriptions, segmentation masks,
or other forms of side information.

The reverse process is modified as

Po(Xi—1 | Xp,€) = N(Xi-1: 9(X;, 1, €), Zg(X;, 1, €)) 97)
and the training objective becomes
L) = Erxgec|ll€ - €(x0. 1,013 (98)

A particularly effective conditioning strategy is classifier-free guidance [63], which avoids the need
for an external classifier by jointly training conditional and unconditional denoisers. During sampling,
the two predictions are combined through

EQ(XH t’ C) = 69(Xt’ t9 Q) + W(fg(Xt, t9 c) - Ee(xty ta @))’ (99)

where w > 1 is the guidance scale and @ denotes null conditioning.

Increasing w strengthens adherence to the conditioning signal at the expense of sample diversity,
thereby providing an explicit mechanism for trading off fidelity and variability. This technique forms
the basis of modern text-to-image systems and enables applications including image editing, inpainting,
super-resolution, and segmentation-guided generation [66, 26].
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8.4.4 Transformer-Based Diffusion Architectures

The convolutional U-Net backbone ¢((f20 of the original DDPM inherits the O(¢ - k) receptive-field growth
characteristic of CNNs. Diffusion Transformers (DiT) [24] replace this backbone with a Transformer
architecture, directly connecting diffusion modeling with the Vision Transformer formulation introduced
in Sections Rather than operating in pixel space, DiT follows the Latent Diffusion Model (LDM)
framework, where diffusion is performed on the latent representation z = E(x) produced by a pretrained
variational autoencoder (VAE) [24]]. This substantially reduces computational cost while preserving
image quality.

The latent representation z; at diffusion timestep ¢ is partitioned into non-overlapping
patches of size P x P, yielding N = hw/P? latent tokens. Following the ViT pipeline, each patch is
linearly embedded and augmented with positional embeddings to form the token matrix

e thwxc

Zi =1z 2] ;.. .; 2] e RV (100)

which is processed by a stack of Transformer blocks. As in ViTs, the patch size P directly controls the
sequence length and therefore the computational cost of self-attention: reducing P increases the number
of latent tokens and consequently the model GFLOPs [24].

Among several conditioning strategies explored by DiT, including cross-attention and in-context
conditioning, adaptive Layer Normalization (adalLN) was found to provide the best trade-off between
simplicity and performance [24]]. Instead of appending conditioning tokens or introducing dedicated at-
tention layers, the timestep embedding and optional conditioning signal are used to modulate the Trans-
former activations through learned scale and shift parameters:

adaLN(Z, 1, ¢) = y(t,¢) OLN(Z) + (%, ¢), (101)

where y, 8 € R? are predicted from the conditioning embeddings and applied uniformly across all tokens.
Unlike cross-attention, conditioning is injected directly into the normalization layers, preserving the
standard Transformer structure while introducing only a small computational overhead [24]].

The final DiT architecture adopts the adalLN-Zero variant, in which the conditioning embedding
generated from the diffusion timestep ¢ and optional condition ¢ predicts six modulation parameters

(Blayla alaﬂ2772’ a’2) = g(t’ C), (102)

where B;,7; € R? are shift and scale vectors applied by adaLN, and «; € R are residual gating coeffi-
cients. The pairs (B81,y1) and (B, y>) modulate the MHSA and FFN branches, respectively, while the
residual gates control their contribution to the block output. The pairs (y1,81) and (y3, B>) instantiate
Equation (TOT]) for the MHSA and FEN branches, respectively.

A key finding of [24] is that Transformer-based diffusion models exhibit remarkably predictable scal-
ing behaviour: increasing model depth, hidden dimension, or token count consistently improves sample
quality when measured by the Fréchet Inception Distance (FID). Unlike earlier diffusion architectures,
where scaling laws were less evident, DiT demonstrates a strong correlation between computational
complexity (measured in GFLOPs) and generative performance. The largest model, DiT-XL/2, achieved
a state-of-the- art ImageNet 256x256 FID of 2.27 at the time of publication, establishing Transformer
backbones as a viable alternative to convolutional U-Nets for diffusion modeling [24]]. This paradigm
has since become the foundation of numerous large-scale image and video generation systems, including
CogVideoX [67] and DiMBa [68]].

8.4.5 Acceleration and Sampling Efficiency

A major limitation of DDPMs is that sampling requires simulating the full reverse Markov chain, typ-
ically involving hundreds or thousands of sequential evaluations of the denoising network €g. DDIM
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1365 (Denoising Diffusion Implicit Models) [14] addresses this bottleneck by generalizing the DDPM formu-
lation from a Markovian forward process to a family of non-Markovian processes that preserve the same
training objective. Consequently, a model trained with the standard DDPM loss can be sampled using
alternative reverse trajectories without retraining [[14]].

Given the predicted clean sample

%= X, — V1l-& EH(XIJ)’ (103)

a;

1370 DDIM defines the reverse update

X1 = Va1 X0+ /1 — @1 — 02 €(X;,1) + o€, e~ N(O,I), (104)

where o; > 0 controls the amount of stochasticity in the reverse process [14]. The DDPM sampler is

recovered for a particular choice of o, whereas the limiting case o; = 0 yields a fully deterministic

trajectory known as a Denoising Diffusion Implicit Model (DDIM). In this regime, each latent state x;_|

becomes a deterministic function of x;, enabling significantly faster sampling while retaining the same
1375 denoising network and training objective [14].

An additional advantage is that DDIM permits sampling along a reduced trajectory 7 = {1y,...,7Ts}
with § <« T, effectively skipping intermediate diffusion steps. Since the training objective depends only
on the marginals g(X; | Xo) rather than on the specific forward trajectory, generation can be performed
using only a subset of timesteps, often reducing the number of denoising evaluations from hundreds

1380 or thousands to a few tens without retraining the model [[14]. The original paper reports speedups of
approximately one to two orders of magnitude while maintaining competitive sample quality [14].

Furthermore, DDIM admits an interpretation as the discretization of an ordinary differential equation
(ODE), establishing a connection between diffusion sampling and numerical integration methods [14].
This perspective motivated a large family of subsequent samplers based on ODE and SDE solvers, in-

1385 cluding higher-order integration schemes that further reduce the number of function evaluations required
during inference.

The advances reviewed above address the principal limitations of Section(8.1|systematically: continuous-
time formulations generalize the discrete diffusion process; latent diffusion models reduce the operating
space from RAXWXC o RIxwXe. conditional generation extends pg(X,—1 | X;) to include conditioning

1390 variables ¢; Diffusion Transformers replace the convolutional backbone ¢Ei?c with a Transformer-based
denoising model €(Z;, t, ¢); and DDIM enables efficient inference through deterministic and subsampled
reverse trajectories. Together, these developments establish diffusion models as a versatile framework
for image generation, video synthesis, multimodal learning, and scientific imaging.

8.5 Rectified Flow Models

135 Recent research has questioned whether high-quality generative modeling necessarily requires the stochas-
tic forward and reverse processes that characterize diffusion models. This observation has led to the
development of Rectified Flow models [69], which reformulate generation as a deterministic transport
problem between probability distributions. Rather than learning to reverse a stochastic corruption pro-
cess, Rectified Flow directly learns an ordinary differential equation (ODE) that continuously transports

1200 samples from a simple source distribution to the target data distribution.

Let
Xo ~ 7o, X ~mq, (105)

where 7y denotes a simple source distribution, typically a standard Gaussian, and 1; = g(x) denotes the
target data distribution. Rectified Flow begins by defining the linear interpolation
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X; = X1 + (1 = )Xo, te[0,1], (106)

which follows the shortest Euclidean path connecting the two endpoints. Differentiating with respect to
time yields
dx;
dr
showing that each interpolation trajectory moves along a straight line with constant velocity.

Although Equation (I07) defines a valid trajectory for a given pair (Xo,X;), it does not provide a
usable generative dynamical system. The velocity x; — Xo depends explicitly on the terminal point X,
which is unknown during generation. Consequently, the dynamics cannot be evaluated from the current
state X, and time ¢ alone, making the interpolation process non-causal. In other words, simulating the
trajectory requires access to future information.

Rectified Flow addresses this limitation by learning a velocity field

= X| — X, (107)

\’B E{I{)(W/X(j X [(), 1] N E%I1>:ﬂ/x(?’ ( 1()8)

that approximates the transport direction x; — Xo using only the current state and time. The velocity field
is learned through the least-squares objective

1
OE fo E|lix1 — x0) — vo(x,, D3] dt, (109)

where x, follows the interpolation process of Equation (106). Unlike DDPMs, which train a network to
predict Gaussian noise, Rectified Flow directly learns the transport direction that moves samples from the
source distribution toward the target distribution. Consequently, the resulting dynamics define a causal
ordinary differential equation that can be simulated progressively without requiring knowledge of the
terminal point Xx;.

The optimal velocity field associated with Equation (109) is

vi(x,1) = E[x; — X0 | X, = X], (110)

which corresponds to the conditional expectation of the transport direction among all interpolation tra-
jectories passing through the point x at time ¢. The resulting generative model is then defined by the
ordinary differential equation
dz,
dr
A fundamental property of the learned flow follows from the uniqueness of ODE solutions. If Equa-
tion (TT1) admits a unique solution, two trajectories cannot intersect while moving in different directions;
otherwise multiple solutions would pass through the same point, violating uniqueness. As a consequence,
the learned velocity field organizes transport into a collection of deterministic, non-crossing trajectories.
This observation highlights an important difference between the original linear interpolation process
and the learned flow. Different pairs (xg,X;) may generate interpolation trajectories that pass through
the same intermediate location while exhibiting different transport directions. Such ambiguities are in-
compatible with a well-defined ODE. Rectified Flow resolves this issue by learning a consistent velocity
field that effectively reorganizes the transport process into non-crossing trajectories while preserving the
desired distributional evolution [69]].
A further consequence of this rectification process is the progressive straightening of transport paths.
As trajectories become smoother and closer to straight lines, numerical integration can be performed
with coarser discretizations and fewer solver steps. In the limiting case of perfectly straight trajecto-
ries, the entire transport path can be approximated with a single Euler update. Rectified Flow therefore

= VH(ZH t)a Zy ~ 70. (111)
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departs from classical diffusion modeling by replacing stochastic differential equations with a determin-
istic transport ODE, establishing a connection between generative modeling, neural ODEs, and optimal
transport while enabling substantially faster sampling [69].

9 Future Directions and Open Challenges

The developments reviewed throughout this survey reveal an increasing convergence among architec-
tures that were originally proposed for distinct objectives, including convolutional neural networks,
Vision Transformers, self-supervised foundation models, multimodal systems, and generative frame-
works. Rather than designing separate models for perception, retrieval, reasoning, interaction, and gener-
ation, current research increasingly seeks unified systems capable of learning transferable representations
across tasks, domains, and modalities. This trend is motivating a broader shift toward general-purpose vi-
sual intelligence, where representation learning, multimodal alignment, and generative modeling become
integrated within common computational frameworks. The following subsections examine this evolving
perspective, its implications for future vision systems, and the challenges that must be addressed to en-
able their efficient, interpretable, and trustworthy deployment.

9.1 A Unified View of Modern Computer Vision

At the highest level, the diverse paradigms reviewed throughout this survey can be interpreted as mech-
anisms for constructing, transforming, aligning, or generating latent representations.
Given an input x € X, a model learns a latent representation

2= hy(x) € Z, (112)

where Z denotes a latent representation space. Depending on the task, this representation is subsequently
mapped to an output
¥ = go(2) € Y., (113)

such that
Jo =8¢0 hy. (114)

Consequently, many contemporary computer vision methods can be viewed as learning either the
mapping hy : X — Z, the mapping gy : Z — Y, or the structure of the latent space itself. Within
this perspective, the principal learning paradigms differ primarily in the mechanisms used to construct
and manipulate latent representations. Convolutional neural networks generate hierarchical feature maps
through local operators,

h® = ¢(f)(h(f—1)) , (115)

where locality, weight sharing, and translation equivariance act as inductive biases that guide represen-
tation learning.

Vision Transformers adopt a different strategy by representing an image as a sequence of tokens
Z € RV+DXd and refining these representations through self-attention and feed-forward transformations,

70 = Block“’)(z“’—”), (116)

where latent representations emerge from global interactions between tokens rather than local convolu-
tional processing.

Self-supervised foundation models further emphasize the latent space itself as the primary learning
objective. Instead of optimizing for task-specific outputs, methods such as DINO learn representations
that remain stable across multiple views of the same visual scene,

Z, X 1, (117)
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where z; and z; denote student and teacher representations associated with different image transforma-
tions.

Multimodal foundation models extend this principle beyond the visual domain by aligning represen-
tations originating from different modalities. For example, CLIP, ImageBind, and related approaches
learn embeddings z;,z; € Z, such that semantically related observations occupy nearby regions of a
shared latent space,

Zimage ~ Ztext, Zimage ~ Zaudio» (118)

thereby enabling cross-modal retrieval, reasoning, and transfer learning.

Generative models can likewise be interpreted within the same representation-learning framework.
Rather than learning a direct mapping from inputs to outputs, diffusion models learn transformations
between probability distributions over images or latent representations,

Po(Xi—1 | X)), (119)

or, in latent diffusion frameworks,
po(zi-1 1 2,). (120)

From this perspective, diffusion models can be viewed as learning dynamics within a representation
space rather than merely performing image generation.

These observations suggest that modern computer vision is increasingly less defined by individual
architectures and more by the representations they learn. CNNs, Vision Transformers, self-supervised
foundation models, multimodal systems, and generative frameworks differ in their inductive biases, train-
ing objectives, and computational mechanisms, yet all operate on the common principle of constructing,
transforming, aligning, or generating latent representations.

This convergence provides the conceptual foundation for the emergence of increasingly general-
purpose visual intelligence systems, discussed in the following subsection.

9.2 Toward General-Purpose Visual Intelligence

One manifestation of this trend toward increasingly general-purpose visual intelligence is the develop-
ment of architectures that minimize modality-specific assumptions while retaining the ability to process
high-dimensional sensory information efficiently. The Perceiver architecture [[70] was introduced as an
attempt to move beyond the strong modality-specific assumptions that characterize many contemporary
deep learning models.

The Perceiver adopts a Transformer-based formulation that makes minimal assumptions about the
organization of the input, enabling a single architecture to process images, audio, video, point clouds,
and multimodal combinations within a unified framework.

The central idea is to replace the standard Transformer’s all-to-all attention with a compact latent
bottleneck. Let

X ¢ RNdawXdin

denote the array-based representation of an input sample x € X, where Nyu, is the number of input
elements and dj, is the input feature dimension. The model learns a compact latent array

Matent Xd
7, € RMatent 1&1’ Nlatent < Ndata’

where Njaene denotes the number of latent vectors and djy¢ their embedding dimension.
Rather than applying self-attention directly to the entire input, the latent array queries the input
through an asymmetric cross-attention mechanism,

72D =70 4 CrossAttn(Q =ZOW?, K= XWX, vV = XWV), (121)
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where the latent array provides the queries while the input supplies the keys and values. Since the
number of latent vectors is substantially smaller than the number of input elements, the complexity of
the cross-attention operation scales as

O(NdataNlatent) P

rather than the quadratic cost

O(Na)

data
associated with conventional self-attention. The latent array therefore acts as an information bottleneck
through which all input data must pass.

A major consequence of this bottleneck is that the computational cost of the subsequent Transformer
layers becomes largely independent of the input size. Once information has been distilled into the latent
representation, all deeper processing is performed through self-attention operating exclusively on the
latent array. If L denotes the number of latent Transformer blocks, the overall complexity becomes

O(NdataNlatent + LN12 ) > (122)

atent

which effectively decouples network depth from input dimensionality. This design allows the construc-
tion of very deep Transformer stacks while maintaining tractable computational costs even for inputs
containing tens or hundreds of thousands of elements.

The architecture derives its name from the notion of iterative attention. Rather than attending to the
input only once, the latent representation repeatedly interacts with the original input by alternating cross-
attention modules and latent self-attention blocks. This iterative refinement enables information extracted
during earlier stages to influence subsequent queries to the input, thereby allowing the model to focus its
limited latent capacity on the most relevant information. When parameters are shared across iterations,
the architecture can be interpreted as a recurrent neural network whose recurrent state is represented by
the latent array and whose recurrence unfolds in depth rather than in time.

Because attention mechanisms are inherently permutation invariant, the model must explicitly en-
code structural information. The Perceiver does so through Fourier-feature positional encodings that are
concatenated to the input representation. For an input coordinate x; along dimension d, the encoding
takes the form

pos(xy) = [sin(fimxg), cos(fimxqa)], (123)

where {f} denotes a bank of frequencies spanning multiple spatial or temporal scales. By representing
positional information through features rather than architectural constraints, the same Perceiver model
can process one-dimensional audio signals, two-dimensional images, three-dimensional video streams,
and multimodal inputs without modification.

By combining a latent attention bottleneck, iterative cross-attention, and modality-agnostic posi-
tional encodings, the Perceiver demonstrates that a single Transformer architecture can achieve compet-
itive performance across a diverse range of perceptual domains while remaining largely independent of
modality-specific design choices.

9.3 Efficiency, Interpretability, and Trustworthy Deployment

As computer vision systems continue to grow in scale and capability, their practical deployment increas-
ingly depends on achieving an effective balance between predictive performance, computational effi-
ciency, interpretability, robustness, and reliability. While modern foundation models have demonstrated
unprecedented generalization capabilities, their growing complexity introduces significant challenges
that extend beyond the traditional pursuit of accuracy.

A primary concern is computational efficiency. Vision Transformers replace the localized process-
ing of convolutional networks with self-attention mechanisms whose computational complexity scales

47



1550

1555

1560

1565

1570

1575

1580

1585

1590

quadratically with the number of input tokens. Similarly, diffusion models often require repeated evalua-
tions of a denoising network during generation, leading to substantial inference costs. Although architec-
tures such as Swin Transformer, Perceiver, latent diffusion models, Diffusion Transformers, and Rectified
Flow frameworks have significantly improved computational efficiency, deploying large-scale models on
resource-constrained devices remains a major challenge. Consequently, future research will likely con-
tinue to explore sparse and linear attention mechanisms, dynamic token selection, model compression,
quantization, knowledge distillation, and hardware-aware neural architecture design.

Beyond computational considerations, interpretability remains a fundamental open problem. Modern
visual foundation models often contain billions of parameters and learn highly distributed internal repre-
sentations whose decision-making processes remain difficult to understand. Although attention maps are
frequently visualized as explanations of Transformer predictions, it remains unclear to what extent atten-
tion weights correspond to causal mechanisms rather than correlations within the learned representation
space. Likewise, self-supervised foundation models such as DINOv3 exhibit emergent semantic orga-
nization within patch embeddings, yet the precise mechanisms underlying these representations remain
only partially understood.

The challenge becomes even more pronounced in generative models. Diffusion-based architectures
learn complex distributions over high-dimensional visual spaces, making it difficult to establish direct re-
lationships between model parameters, latent representations, and generated outputs. Understanding how
conditioning signals influence the generation trajectory and how specific visual concepts emerge during
sampling remains an active area of research. Progress in mechanistic interpretability, causally grounded
explanations, and representation analysis may therefore become increasingly important as generative
systems continue to scale.

Another critical concern is robustness and reliability. Foundation models are typically trained on
massive and heterogeneous datasets whose distribution may differ significantly from real-world deploy-
ment conditions. As a result, performance degradation can occur under domain shifts, adversarial per-
turbations, rare events, or previously unseen visual concepts. While large-scale pretraining generally
improves generalization, ensuring reliable behavior in safety-critical environments remains an open prob-
lem.

These challenges are particularly important in domains such as medical imaging, autonomous sys-
tems, industrial inspection, remote sensing, and scientific analysis. In such settings, inaccurate predic-
tions or poorly understood failures may lead to substantial practical consequences. Future vision systems
must therefore provide not only accurate predictions but also calibrated uncertainty estimates, robustness
guarantees, and transparent explanations of their decisions. Methods for uncertainty quantification, con-
fidence calibration, out-of-distribution detection, and explainable artificial intelligence are likely to play
a central role in the trustworthy deployment of future models.

In parallel, the emergence of multimodal foundation models introduces new challenges related to
alignment and controllability. Systems that combine perception, language understanding, reasoning,
retrieval, and generation must ensure consistent behavior across modalities while remaining resistant to
hallucinations, misleading inputs, and instruction manipulation. Developing principled mechanisms for
multimodal alignment, safety monitoring, and human oversight therefore constitutes another important
direction for future research.

Ultimately, the long-term success of general-purpose visual intelligence will depend not only on im-
provements in predictive performance but also on advances in efficiency, interpretability, robustness, and
trustworthy operation. The next generation of computer vision systems will likely integrate scalable rep-
resentation learning, multimodal reasoning, and generative capabilities within architectures that remain
transparent, reliable, and deployable in real-world environments.
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s 10 Conclusion

This survey has presented a unified perspective on the principal architectural and learning paradigms
that define modern computer vision, including convolutional neural networks, Vision Transformers,
self-supervised foundation models, multimodal architectures, and generative frameworks. Although
these paradigms emerged from distinct research directions, they can be interpreted within a common

1600 representation-learning framework in which an input x € X is transformed into a latent representation
z = hy(x) € Z, which is subsequently mapped to a task-dependent output 'y = g4(z) € V.

From this perspective, modern computer vision can be viewed as the construction, transformation,
alignment, and generation of latent representations. This unified viewpoint reveals a remarkable con-
vergence of concepts that were historically developed in isolation, including convolutional processing,

1605 self-attention, self-supervision, multimodal alignment, and generative modeling.

Convolutional neural networks established the foundations of modern visual representation learning
through local receptive fields, hierarchical feature extraction, and translation-equivariant weight shar-
ing. Vision Transformers subsequently demonstrated that global relationships can be modeled directly
through self-attention, enabling scalable representation learning with increasingly general visual repre-

1610 sentations.

More recently, self-supervised approaches such as DINO, DINOv2, and DINOv3 have demonstrated
that large-scale pre-training can produce highly transferable visual representations without task-specific
supervision. In parallel, multimodal foundation models have extended these ideas beyond the visual
domain. CLIP introduced shared image—text embedding spaces through contrastive alignment, Image-

1615 Bind generalized this paradigm to multiple sensory modalities within a unified latent space, and LLaVA
demonstrated how visual representations can be combined with large language models to support in-
struction following and multimodal reasoning.

A central theme emerging throughout this survey is the progressive unification of representation
learning paradigms. Hybrid architectures such as CvT, CoAtNet, and MaxViT demonstrate that convo-

1s20 lution and self-attention should be viewed as complementary mechanisms operating at different points
of the locality—globality spectrum. Similarly, foundation models increasingly combine ideas originating
from discriminative learning, self-supervision, multimodal alignment, and generative modeling. Dif-
fusion models, Diffusion Transformers, and Rectified Flow frameworks further extend this trend by
integrating representation learning with high-fidelity generation within shared latent spaces.

1625 This convergence is particularly evident in the emergence of foundation models and multimodal
systems. Modern visual encoders are no longer optimized solely for individual tasks but instead aim to
learn transferable representations that support recognition, generation, retrieval, segmentation, reasoning,
and interaction within a common latent space. These developments suggest a broader transition from
task-specific models toward increasingly general-purpose visual and multimodal systems.

1630 Despite this progress, several fundamental challenges remain unresolved. First, the construction of
scalable, diverse, and high-quality training data continues to be a critical factor governing the success of
foundation models. Second, computational efficiency remains a major obstacle, particularly for attention-
based architectures and iterative generative models. Although hierarchical attention mechanisms, latent
representations, and accelerated generation techniques have substantially reduced computational costs,

135 efficient deployment on resource-constrained hardware remains an open problem. Third, interpretability,
robustness, uncertainty quantification, and trustworthy deployment continue to limit the practical adop-
tion of large-scale foundation and generative models. Finally, the integration of perception, reasoning,
memory, and interaction into a unified multimodal framework remains an active area of research.

Ultimately, the evolution documented in this survey reflects a broader shift in modern computer vi-

1s40  sion: from specialized architectures optimized for individual tasks toward increasingly general representation-
learning systems capable of integrating perception, generation, and reasoning across multiple modalities.
Rather than converging toward a single dominant architecture, the field appears to be moving toward scal-
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able foundation models that combine local and global processing, self-supervised learning, multimodal
alignment, and generative capabilities within a unified framework for visual intelligence.
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