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ABSTRACT Transformers have emerged as a groundbreaking architecture in the field of computer vision,
offering a compelling alternative to traditional convolutional neural networks (CNNs) by enabling the
modeling of long-range dependencies and global context through self-attention mechanisms. Originally
developed for natural language processing, transformers have now been successfully adapted for a wide
range of vision tasks, leading to significant improvements in performance and generalization. This survey
provides a comprehensive overview of the fundamental principles of transformer architectures, highlighting
the core mechanisms such as self-attention, multi-head attention, and positional encoding that distinguish
them from CNNs. We delve into the theoretical adaptations required to apply transformers to visual
data, including image tokenization and the integration of positional embeddings. A detailed analysis
of key transformer-based vision architectures such as ViT, DeiT, Swin Transformer, PVT, Twins, and
CrossViT are presented, alongside their practical applications in image classification, object detection, video
understanding, medical imaging, and cross-modal tasks. The paper further compares the performance of
vision transformers with CNNs, examining their respective strengths, limitations, and the emergence of
hybrid models. Finally, current challenges in deploying ViTs, such as computational cost, data efficiency,
and interpretability, and explore recent advancements and future research directions including efficient
architectures, self-supervised learning, and multimodal integration are discussed.

INDEX TERMS Action recognition, computer vision, convolutional neural networks (CNNs), efficient
transformers, image classification, object detection, segmentation, video processing, vision transformers,
visual reasoning.

I. INTRODUCTION
The field of Computer Vision has been fundamentally shaped
by Deep Learning, with Convolutional Neural Networks
(CNNs) dominating the landscape for nearly a decade. Since
AlexNet’s breakthrough in 2012, CNNs have become the de
facto standard, powering advances in image classification,
object detection, and segmentation through architectures
like VGG, ResNet, and EfficientNet. The efficacy of these
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models in capturing hierarchical visual features can be
attributed to their inherent inductive biases, specifically
translation equivariance, and locality, which confer an ability
to learn efficiently from limited data, thereby enhancing their
performance in diverse visual recognition tasks.

However, CNNs face inherent limitations. Their local
receptive fields struggle with long-range dependencies, and
their sequential processing of features creates bottlenecks in
modeling global context. These constraints become apparent
in tasks requiring holistic understanding, such as scene
interpretation or cross-modal reasoning. Meanwhile, the
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FIGURE 1. Organization of the paper.

TABLE 1. Comparison of this survey paper with other literature survey papers.

Transformer architecture revolutionized natural language
processing (NLP) through self-attention mechanisms, offer-
ing parallel processing and dynamic feature weighting.
The success of models like BERT and GPT demonstrated
Transformers’ ability to capture complex relationships in
sequential data.

The emergence of Vision Transformers (ViTs) was pre-
cipitated by the innovative application of the Transformer’s
self-attention mechanism to visual data, where images
are discretized into sequences of patches. Notwithstanding
earlier attempts to combine CNNs with attention mecha-
nisms, as exemplified by Non-Local Networks, the Vision
Transformer (ViT) provided conclusive evidence in 2020 that
Transformer-based architectures, unadulterated by convolu-
tional components, could outperform CNNs when scaled to
a sufficient extent. Moreover, recent innovations, including
incorporating hierarchical attention in Swin Transformers [6]
and masked autoencoding in Masked AutoEncoder (MAE)
[7], have substantially bridged the gaps in data efficiency and
computational performance, ushering in a novel era in visual
information processing.

This review aims to provide a comprehensive overview
of Vision Transformers and their hybrid variants, comparing
them with traditional CNNs. We explore their architectural

foundations, key innovations, performance benchmarks, and
ongoing challenges. By synthesizing recent research, we aim
to highlight the strengths and limitations of ViTs and outline
future directions for advancing transformer-based vision
models. A comparison of this survey paper with other survey
papers available in the literature is summarized in Table 1.
The primary contributions of this paper are described as
below:

1) In-depth examination of the key architectures and
variants of ViTs thereby offering a comprehensive
understanding of the evolutionary landscape of ViT
models.

2) A comparative analysis of ViTs with traditional CNNs
and hybrid approaches, highlighting each paradigm’s
relative strengths and weaknesses and shedding light on
the trade-offs between them.

3) Explores the diverse range of ViT applications, high-
lighting their potential and versatility in various domains
and demonstrating their significant impact on real-world
problems.

4) Presents various challenges and open problems inherent
to the current ViT architectures, underscoring the exist-
ing limitations and identifying key areas that necessitate
additional research and development.
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FIGURE 2. Transformer architecture [8].

5) Provides a concise overview of the recent advancements
in the field of ViTs, offering a glimpse into the current
state-of-the-art and highlighting the prevailing trends.

The organization of the survey is depicted in Figure 1. This
survey is organized to comprehensively explore ViTs, begin-
ning with foundational concepts and progressively advancing
to cutting-edge developments. Section I is the introduction
that establishes the historical context and motivations for
transitioning fromCNNs to transformer-based visionmodels,
followed by an explanation of core transformer mechanisms
in Section II. Section III lays the theoretical groundwork
for adapting transformers to visual data, while Section IV
traces their evolutionary trajectory in computer vision.
A detailed analysis of key architectures and variants is
presented in Section V, followed by their diverse applications
in Section VI. The paper then compares ViTs and CNNs
critically in Section VII, highlighting hybrid approaches and
trade-offs. Sections VIII and IX address current challenges
and emerging solutions, concluding with future directions
and a synthesis of key insights in Section X. This structure
facilitates a logical progression from fundamental principles
to advanced research frontiers, enabling readers to understand
both the theoretical underpinnings and practical implications
of ViTs in computer vision.

II. FUNDAMENTALS OF TRANSFORMERS
The fundamentals of Transformers are built upon the Self-
Attention Mechanism, which enables the model to weigh
the importance of different input elements relative to each
other. The Transformer architecture is shown in Figure 2.
Additionally, key components include:
1) Multi-Head Self Attention
2) Encoder-Decoder Architecture
3) Positional Encoding
4) Feed Forward Network
5) Layer Normalization
These components work in tandem to facilitate the

processing of sequential data, such as text or images, and
have been instrumental in achieving state-of-the-art results

in various Natural Language Processing (NLP) and Com-
puter Vision tasks. The following subsections provide the
necessary fundamental details to understand the transformer
architecture:

A. SELF-ATTENTION MECHANISM
The self-attention mechanism is the core computational
building block of Transformers, including Vision Trans-
formers (ViTs). It enables a model to weigh and process
relationships between different parts of an input sequence,
allowing it to capture both local and global dependencies
efficiently. Unlike convolutional neural networks (CNNs)
that process information using local receptive fields, self-
attention [9] computes pairwise interactions between all
elements, providing a more flexible and scalable approach to
feature extraction.

Given an input sequence (e.g., text tokens or image
patches), the self-attention mechanism maps each element in
the sequence to a new representation by computing attention
scores relative to all other elements. This involves three key
steps:

1) Input Representation: For an input sequence X ∈

Rn×d (where n is the sequence length and d is the feature
dimension), three trainable linear projections are applied
to obtain the following:
• Query (Q): Represents the current element being
processed.

• Key (K): Represents other elements in the sequence
for comparison.

• Value (V): Contains the content to be aggregated
based on attention.

These are computed as:

Q = XWQ,K = XWK ,V = XWV (1)

where WQ, WK and WV are learnable weight matrices.
2) Attention Calculation: The core operation is comput-

ing the similarity between the query and key vectors
using the scaled dot product. This measures how much
attention each element should pay to others:

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

)
V (2)

The dot product measures the similarity between the
query and keys. The scaling factor

√
dk , normalizes the

dot product to stabilize gradients and prevent exploding
attention values. The softmax activation converts the
scores into a probability distribution, ensuring attention
weights sum to 1. The weighted sum ensures each value
vector is aggregated based on its attention weight.

3) Output Representation: The attention-weighted sum
produces an output sequence with the same length as the
input but enriched with global contextual information.
This process is repeated in multiple layers to capture
hierarchical relationships across the entire input.
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FIGURE 3. Self-Attention mechanism (Left). Multi-Head Attention
consists of several attention layers running in parallel (Right) [11].

B. MULTI-HEAD SELF-ATTENTION (MHSA)
To enhance the model’s ability to capture different types
of relationship, Transformers use multi-head self-attention
(MHSA) [10]. Instead of performing attention once, the
input is projected into multiple subspaces (or ‘‘heads’’), and
attention is computed independently in each:

MHSA(X ) = Concat(head1, . . . , headh)WO (3)

Each head corresponds to a different set of learned pro-
jections, and h is the number of attention heads. WO is a
final linear projection combining all heads’ outputs. MHSA
allows the model to focus on diverse aspects of the input
simultaneously i.e., such as local texture patterns in one head
and global object structures in another. Figure 3 shows the
block diagram of the working of self-attention and Multi-
Head attention.

C. ENCODER-DECODER ARCHITECTURE
The encoder-decoder architecture is a fundamental design
pattern used in many deep learning models, including Trans-
formers. Originally introduced for sequence-to-sequence
(Seq2Seq) tasks like machine translation, this architecture
has been adapted for vision tasks in models like Vision
Transformers (ViTs) and image-to-image translation models
[12]. The encoder captures essential features from the input
by processing the input (e.g., an image or image patches)
to create a compact latent representation. The decoder uses
the encoded representation to generate a structured output,
such as an image, class label, or sequence. The following
is the mathematical representation of Encoder and Decoder
functions for the given X :

Z = Encoder(X );Y = Decoder(Z ) (4)

D. POSITIONAL ENCODING
Unlike Convolutional Neural Networks (CNNs), which
inherently capture spatial hierarchies through their local
receptive fields, Vision Transformers (ViTs) lack an innate

understanding of image structure [13]. Since the Transformer
architecture was initially designed for sequential data in
Natural Language Processing (NLP), where token order is
crucial, ViTs must explicitly encode spatial information to
preserve the relative positions of image patches. This is
achieved through positional encoding (PE), which helps
the model distinguish the position of each patch in the
input sequence. In the ViT architecture, images are divided
into non-overlapping patches and then flattened into 1D
sequences of embeddings. While the self-attention mecha-
nism can capture global dependencies, it is position-agnostic
which means it does not retain any information about the
original spatial arrangement of patches.

E. LAYER NORMALIZATION
Layer Normalization (LayerNorm) is a crucial component
of Vision Transformers (ViTs) that stabilizes training and
improves model convergence [14]. Originally introduced
for sequence-based tasks in natural language processing,
LayerNorm is adapted in ViTs to handle high-dimensional
patch embeddings. It normalizes activations within a layer,
ensuring stable gradients and preventing internal covariate
shifts during training. Layer Normalization normalizes the
inputs across the feature dimension for each data point
independently. Without normalization, the distribution of
intermediate representations can shift significantly during
training, causing unstable gradients and poor convergence.
LayerNorm mitigates these issues by ensuring consistent
activation magnitudes. Given an input x ∈ Rd (where d is the
feature dimension), the normalized output is computed as:

x̂i =
xi − µ

σ
.γ + β (5)

where,
• xi represents the input features.
• µ is the mean of the input across the feature dimension
computed as µ =

1
d

∑d
i=1 xi

• σ is the standard deviation computed using σ =√
1
d

∑d
i=1(xi − µ)2 + ϵ with a small constant ϵ for

numerical stability.
• γ and β are learnable parameters that scale and shift the
normalized output.

F. FEED FORWARD NETWORK
The Feed Forward Network (FFN) [15] is a crucial compo-
nent of the Vision Transformer (ViT) architecture, situated
after the multi-head self-attention (MHSA) mechanism in
each Transformer block. Its primary function is to apply
point-wise transformations to the token representations,
allowing the model to capture non-linear dependencies and
complex feature interactions. This section elaborates on the
structure, function, and significance of FFNs within the ViT
framework. Each FFN in a Transformer block consists of two
main layers:
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FIGURE 4. ViT Model overview. The image split into fixed-size patches, linearly embed each of them, add position embeddings, and feed
the resulting sequence of vectors to a standard transformer encoder [8].

1) Linear Projection Layers: These are fully connected
layers that transform the input into a higher-dimensional
space and then project it back to the original dimension.

2) Activation Function: Introduces non-linearity, allowing
the model to capture complex patterns. ViTs typically
use the GELU (Gaussian Error Linear Unit) activation
for improved performance.

Given an input token representation,X ∈ Rd , the FFN applies
the following operations:

FFN (X ) = W2σ (W1X + b1) + b2 (6)

where,
• W1 andW2 are weight matrices.
• b1 and b2 are bias vectors.
• σ (.) represents a non-linear activation function (com-
monly GELU).

In each Transformer block, the FFN follows the multi-head
self-attention (MHSA) layer and is sandwiched between two
Layer Normalization (LN) steps, as shown:
1) Input Processing: Token embeddings enter the MHSA

module.
2) Self-Attention: Captures global relationships between

patches.
3) Add & Norm: Residual connection and layer normaliza-

tion.
4) Feed Forward Network (FFN): Applies point-wise

transformation to each token.
5) Add & Norm: Another residual connection and layer

normalization.
The overall output of a Transformer block is computed as:

Output = LN (FFN (LN (MHSA(X ) + X )) + X ) (7)

III. VISION TRANSFORMERS: THEORETICAL
FOUNDATION
Vision Transformers (ViTs) adapt the Transformer archi-
tecture, which was originally designed for sequential data

in natural language processing (NLP), to 2D image data,
introducing several unique theoretical considerations. A key
adaptation involves image tokenization, where an input image
is divided into fixed-size patches that are flattened and
projected to form a sequence of tokens. This transformation
allows images to be processed in a structured format com-
patible with the Transformer framework. Another essential
modification is the use of 2D positional encodings to preserve
spatial information, ensuring the model captures the relative
position of each patch. These adaptations enable ViTs to
model long-range dependencies across an image effectively.
Understanding these foundational changes provides insight
into how ViTs extend the Transformer’s capabilities to
visual data. Figure 4 shows the overview of ViT Model.
The following subsections briefly explain about various
theoretical foundations necessary to understand ViT better:

A. ADAPTING TRANSFORMERS FOR VISION TASKS
The Transformer architecture, originally designed for natural
language processing (NLP), operates on one-dimensional
sequences of tokens, making it inherently different from the
structured nature of images, which exist as two-dimensional
grids with complex spatial hierarchies. Adapting Trans-
formers to computer vision introduces several fundamental
challenges that must be addressed to achieve effective
learning and inference [16].

1) IMAGE-TO-SEQUENCE CONVERSION (PATCH
EMBEDDINGS)
UnlikeNLPmodels that process discrete word tokens, images
lack a natural tokenization process. Vision Transformers
(ViTs) overcome this by partitioning an image into small,
non-overlapping patches, which are then flattened and
projected into a latent embedding space using a trainable
linear layer. This transformation converts the structured
2D image into a 1D sequence of patch embeddings,
making it compatible with the Transformer framework [17].
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However, this approach discards pixel-level details and
imposes constraints on capturing fine-grained local patterns,
necessitating additional mechanisms to compensate for lost
spatial information.

2) PRESERVING SPATIAL RELATIONSHIPS (POSITIONAL
ENCODING)
Transformers lack an intrinsic sense of order, unlike con-
volutional neural networks (CNNs), which inherently model
spatial hierarchies through localized receptive fields. In NLP,
positional encodings are used to incorporate word order into
the model, but extending this concept to images requires
adapting positional embeddings to a 2D domain [18]. ViTs
employ 2D positional encodings, which are either learnable
or fixed sinusoidal functions, to retain spatial information
about patch locations within the image. The effectiveness
of these encodings directly impacts the model’s ability to
understand structural relationships between different regions
of the image.

One of the major challenges in scaling Transformers
to vision tasks is the computational cost of self-attention.
Standard self-attention mechanisms exhibit O(N 2) complex-
ity [19], where N represents the number of tokens. In Vision
Transformers (ViTs), since an image is tokenized into
numerous patches, self-attention computations become pro-
hibitively expensive, especially for high-resolution images.
This quadratic scaling in memory and computation restricts
the feasibility of training and deploying ViTs on resource-
constrained hardware.

To overcome these challenges, researchers have introduced
various efficiency-driven innovations that allow Transform-
ers to achieve state-of-the-art performance in vision tasks.
These innovations primarily focus on reducing computational
overhead while preserving performance, ensuring that ViTs
remain practical for real-world applications. Key advance-
ments include:
1) Patch-Based Tokenization: Instead of processing raw

pixel values or feature maps extracted from convolu-
tional layers, ViTs divide images into fixed-size patches,
treating them as input tokens. This significantly reduces
sequence length compared to a per-pixel representa-
tion, making computations more feasible. Additionally,
hybrid models integrate convolutional feature extractors
before applying self-attention, enhancing local feature
representation while maintaining the global reasoning
capability of Transformers.

2) 2D-Aware Positional Encoding: Unlike NLP Trans-
formers, which use 1D positional embeddings to capture
word order, ViTs require 2D positional encodings to
retain spatial relationships between image patches.
These encodings can be absolute (fixed embeddings
based on patch positions) or relative (dynamically
adjusted based on inter-patch relationships). Some
models further employ learnable embeddings optimized
during training, improving adaptability to different
image resolutions.

3) Hierarchical Attention Mechanisms: To enhance effi-
ciency and feature extraction, recent advancements
such as those seen in Swin Transformers introduce
hierarchical attention. Unlike standard ViTs that treat
all patches equally, hierarchical models organize patches
into progressively coarser levels, resembling the feature
pyramids in CNNs. The shifted window attention mech-
anism, a core technique in Swin Transformers, restricts
self-attention computations to local windows while
allowing cross-window interactions. This approach
significantly reduces computational overhead while
preserving long-range dependencies.

By incorporating these innovations, Vision Transformers
have demonstrated strong performance across various com-
puter vision tasks, including image classification, object
detection, and segmentation. However, ongoing research
continues to refine their efficiency and adaptability, paving
the way for broader real-world deployment, even in resource-
constrained environments.

B. IMAGE PATCH TOKENIZATION
In Vision Transformers (ViTs), image patch tokenization is
the process of converting a 2D image into a sequence of
token embeddings. This transformation allows images to be
processed by the self-attentionmechanism of the Transformer
model, which traditionally handles 1D sequences [20]. The
patch tokenization method is central to how ViTs ‘‘see’’ and
interpret visual data. The following are the steps involved:
1) Splitting the Image into Patches: Given an input image

X ∈ RH×W×C , where where H is the image height,
W is the image width, and C is the number of color
channels, the image is divided into N non-overlapping
square patches of size P× P (where P is the path size).
The number of patches is calculated as:

N =

(
H
P

)
×

(
W
P

)
(8)

Each patch xp ∈ RP×P×C captures a local region of the
image, providing a manageable unit of information for
subsequent processing.

2) Flattening and Projecting Patches: Once the image is
divided into patches, each patch xp is flattened into
a 1D vector of size P2 × C , representing the raw
pixel information. To prepare these vectors for the
Transformer model, they are linearly projected into a
latent space of dimension d using a learnable projection
matrix:

zp = Linear(xp), zp ∈ Rd (9)

This operation produces a collection of patch embed-
dings Z ∈ RN×d , where each row represents the
embedding of a specific patch. These patch embeddings
serve as input tokens to the Transformer model,
analogous to word embeddings in NLP.

3) Incorporating the [CLS] Token for Classification:
Inspired by BERT in NLP, ViTs introduce a learnable
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FIGURE 5. Evolution of vision transformers (ViTs): A Timeline of Key Models from 2020 to 2024 and beyond.

class token zcls to the sequence of patch embeddings.
This token is prepended to the patch sequence and serves
as a global representation of the entire image. During
training, themodel learns to store information relevant to
classification within this token. The final input sequence
to the Transformer is:

Zfinal = [zcls; z1 . . . zN ] ∈ R(N+1)×d (10)

At the output stage, the model uses the representation of
zcls for downstream classification tasks.

C. POSITIONAL EMBEDDINGS IN ViTs
Transformers lack an inherent understanding of the spatial
structure of their input because the self-attention mechanism
is permutation-invariant. While this is suitable for natural
language processing (NLP) sequences where token order is
explicitly encoded, images possess a 2D grid structure that
must be preserved for accurate visual interpretation. Posi-
tional embeddings (PEs) address this limitation by encoding
spatial information and adding it to the patch embeddings,
allowing the model to maintain spatial awareness during
training and inference [21].

In ViTs, image patches are tokenized and flattened into
a 1D sequence. However, the spatial arrangement of these
patches is lost during this process. Without positional embed-
dings, the model would treat all patches as an unordered
collection, failing to capture relationships between nearby
and distant regions of the image. By incorporating positional
information, ViTs can preserve spatial relationships between
image patches, distinguish patch locations, enable the model
to learn spatial hierarchies, and enhance performance on
vision tasks by understanding object structure and context.

Given a sequence of patch embeddings Z ∈ RN×d

(where N is the number of patches and d is the embedding
dimension), a positional embedding matrix P ∈ RN×d is
added element-wise:

Zinput = Z + P (11)

This enriched representation, combining both patch content
and spatial location, is then fed into the Transformer

layers. Additionally, the [CLS] token (used for classification)
receives a dedicated positional embedding.

D. COMPUTATIONAL EFFICIENCY AND SCALABILITY
CONSIDERATIONS
Vision Transformers (ViTs) face significant computational
challenges due to the quadratic complexity of the self-
attention mechanism, which scales poorly with increasing
image resolution. To improve efficiency and scalability,
several strategies have been developed. Hierarchical models
like Swin Transformers use local attention windows to reduce
computational cost, while linear and sparse attention tech-
niques (e.g., Linformer, Performer) approximate attention
calculations to achieve linear complexity. Token reduction
methods, such as patch merging and dynamic pruning,
further decrease the sequence length during processing.
Hybrid models combining CNNs and Transformers leverage
the efficiency of CNNs for local feature extraction while
maintaining the global modeling capabilities of Transform-
ers. Efficient scaling requires balancing patch size, model
depth, and training data volume, with lightweight variants
like MobileViT optimized for resource-constrained devices.
These innovations make ViTs more practical for large-scale
vision tasks and real-world applications while retaining their
strong performance [22].

IV. EVOLUTION OF TRANSFORMERS FOR VISION
The evolution of Transformers for vision has undergone
significant transformations, from the introduction of Vision
Transformers (ViTs) to the development of variants like
Swin Transformers and MAE. These advancements have
enabled efficient and effective image recognition, pro-
cessing, and generation capabilities. The incorporation of
self-attention mechanisms and hierarchical architectures has
further enhanced the performance of ViTs [23]. As a result,
ViTs have become a cornerstone of computer vision research,
driving innovation and progress in the field. Figure 5 shows
the milestones in ViT development from the 2020 to 2024.
The following subsections provide a brief study of the
evolution:
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A. 2020: THE BIRTH OF VISION TRANSFORMERS
The introduction of Vision Transformer (ViT) by Doso-
vitskiy et al. marked a significant milestone in computer
vision. ViT treated an image as a sequence of patches and
applied the transformer architecture, previously dominant in
NLP, to visual tasks. Unlike traditional convolutional neural
networks (CNNs), ViT leveraged self-attention mechanisms
to capture global dependencies in an image, significantly
improving classification performance when trained on
large-scale datasets like ImageNet. However, ViT required
massive computational resources, making it impractical for
smaller datasets and real-world applications [1].

To address this limitation, Data-efficient Image Trans-
former (DeiT) was introduced by Facebook AI in 2020.
DeiT improved ViT’s training efficiency by incorporating
knowledge distillation, which allowed smaller models to
learn from larger teacher models. This breakthrough made
ViTs accessible to a broader audience, enabling their
deployment in scenarios with limited data.

B. 2021: SCALING AND REFINING VISION
TRANSFORMERS
With the success of ViT, researchers focused on enhancing
efficiency and adaptability. The Swin Transformer, developed
byMicrosoft, introduced a hierarchical feature representation
and shifted windows, enabling the model to process images
at varying scales. This hierarchical approach allowed Swin
Transformer to outperform ViT in segmentation and object
detection tasks [1], making it a strong competitor against
CNNs. Swin Transformer’s ability to handle variable image
sizes efficiently made it a leading architecture for real-world
vision applications.

Another key development was the Pyramid Vision Trans-
former (PVT), which integrated a pyramid structure into
the transformer design, mirroring the multi-scale feature
extraction process of CNNs. PVT enabled ViTs to handle
dense prediction tasks like object detection and semantic
segmentation more effectively, making it more efficient for
vision applications beyond classification [24].

Meanwhile, BoTNet (Bottleneck Transformers) combined
CNNs with transformers, leveraging self-attention in the later
stages of a ResNet-like architecture. This hybrid approach
demonstrated that transformers could complement, rather
than replace, CNNs in visual tasks, providing both efficiency
and superior feature extraction capabilities.

C. 2022: ENHANCING FEATURE EXTRACTION AND
PERFORMANCE
As transformers continued to gain traction, researchers
sought ways to improve their computational efficiency and
feature extraction capabilities. T2TViT (Tokens-to-Token
ViT) refined the patch embedding process in ViTs by
introducing a progressive tokenization mechanism. This
method improved feature representation, allowing for better

performance in image classification and recognition tasks
[25].

CrossViT, another innovative model, introduced a
dual-branch architecture that processed both small- and
large-scale image patches simultaneously. By combining
information from different resolutions, CrossViT enhanced
the model’s ability to capture both local and global image
features, improving classification accuracy.

Meanwhile, Swin Transformer V2 was introduced as
an upgraded version of the Swin Transformer, optimizing
its efficiency for large-scale datasets and high-resolution
images. Swin V2 incorporated novel normalization tech-
niques and scaling strategies to improve robustness and
adaptability across diverse vision tasks.

D. 2023: OPTIMIZING ATTENTION MECHANISMS AND
HYBRID APPROACHES
In 2023, researchers focused on improving attention mech-
anisms and making transformers more computationally
efficient. Focal Transformer introduced focal self-attention,
a mechanism that prioritizes the most relevant parts of
an image while reducing computational overhead. This
optimization made it more effective for tasks requiring fine-
grained attention, such as object detection and segmentation.

Hybrid architectures also gained momentum, with models
like ConvNext blending CNNs and transformers to achieve
state-of-the-art performance in image classification and
object detection. ConvNext demonstrated that CNN-based
inductive biases could still play a crucial role in visual tasks,
even in the era of transformers [26].
MaxViT emerged as a powerful transformer model,

introducing a multi-axis attention mechanism that captured
both local and global dependencies simultaneously. This
innovation significantly improved ViTs’ ability to process
complex scenes and high-resolution images while maintain-
ing efficiency.

E. 2024: ADVANCEMENTS IN EFFICIENCY, EDGE AI, AND
SELF-SUPERVISED LEARNING
In 2024, Vision Transformers continued evolving toward
efficiency, edge computing, and self-supervised learning.
DINOV2 (Meta AI) was introduced as an advanced
self-supervised vision model, allowing transformers to
achieve remarkable performance in image classification and
object detection without relying on large labeled datasets.
DINOV2 leveraged self-supervised learning techniques to
extract meaningful visual representations, making it highly
effective in data-scarce environments [27].

EfficientViT addressed the growing need for computa-
tionally lightweight transformers by reducing the number
of parameters and optimizing hardware efficiency, making
it suitable for real-time applications. EfficientViT was
particularly impactful for embedded systems, robotics, and
real-time video analysis.
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FIGURE 6. ViT key architectures and its variants.

For mobile and edge devices, MobileViT V2 introduced
an optimized transformer architecture that maintained high
accuracy while operating within low-power constraints.
By improving energy efficiency, MobileViT V2 enabled
the deployment of transformer models on smartphones, IoT
devices, and augmented reality (AR) applications.

As transformers continue to evolve, their adaptability
across multiple domains solidifies their position as the future
of computer vision and AI-driven perception.

V. KEY ARCHITECTURES AND VARIANTS
Vision Transformers (ViTs) have emerged as a powerful
alternative to CNNs for various computer vision tasks.
Unlike CNNs, which rely on local feature extraction,
ViTs leverage self-attention mechanisms to model global
relationships across an image. They take advantage of
the transformer architecture, initially designed for natural
language processing (NLP), to process image data. Since
the introduction of the original ViT, numerous variants
have been developed to improve efficiency, scalability,
and performance. In the following, we outline the key
architectures and their improvements also, Figure 6 provides
the key architectures of ViT and its variants.

A. DATA EFFICIENCY AND TRAINING OPTIMIZATION
These architectures follow the standard ViT design but
introduce modifications to improve training efficiency [28],
scalability, or robustness. Some of the standard ViT variants
are briefly described below:

1) DATA-EFFICIENT IMAGE TRANSFORMER (DeiT)
The Data-Efficient Image Transformer (DeiT), developed
by Meta AI, is a variant of the Vision Transformer (ViT)

designed to address ViT’s heavy reliance on large-scale
datasets for effective training. Unlike the original ViT, which
required massive pretraining on datasets like JFT-300M or
ImageNet-21k, DeiT is capable of achieving competitive
performance when trained from scratch on ImageNet-1k,
a significantly smaller dataset. A key innovation of DeiT [29]
is the introduction of a distillation token, which enables the
model to benefit from knowledge distillation by learning from
a CNN-based teacher model. Figure 7 shows the distallation
procedure which includes distallation tocken along with class
tocken to reproduce predicted label by the teacher instead
of true label. This approach improves training efficiency,
generalization, and convergence speed without requiring
additional labeled data.

DeiT retains the self-attention-based transformer archi-
tecture but incorporates several optimization techniques,
including RandAugment, Mixup, CutMix, and stochastic
depth, to improve robustness and data efficiency. It comes
in different variants, such as DeiT-Ti [32] (Tiny), DeiT-S
(Small), and DeiT-B (Base), balancing accuracy and com-
putational cost for various applications. DeiT outperforms
traditional CNNs like ResNet-50 in image classification
while maintaining a comparable model size and efficiency,
making it suitable for edge AI and real-world deployment.
By significantly reducing the data requirements for ViTs,
DeiT paves the way for wider adoption of transformer-based
architectures in computer vision, bridging the gap between
CNN efficiency and transformer scalability.

2) BEiT (BERT PRETRAINING FOR VISION TRANSFORMERS)
The BERT Pretraining for Vision Transformers (BEiT)
[33]is a self-supervised learning framework that adapts
BERT-style masked pretraining for Vision Transformers
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FIGURE 7. Distillation procedure including distillation token. The
objective is to reproduce the (hard) label predicted by the teacher,
instead of true label (based on [30]).

(ViTs). Introduced by Microsoft Research, BEiT follows the
concept of Masked Image Modeling (MIM), where random
patches of an input image are masked and the model is trained
to predict their corresponding visual representations. Unlike
traditional supervised learning, BEiT learns rich, transferable
visual representations without requiring labeled data, making
it particularly effective for pretraining ViTs on large-scale
image datasets.

BEiT consists of two main stages: pretraining and fine-
tuning. During pretraining, a ViT model learns to reconstruct
masked patches by predicting discrete visual tokens derived
from a pre-trained tokenizer (e.g., dVAE from DALL·E)
rather than raw pixel values. This forces the model to develop
semantic understanding of objects and textures. In the fine-
tuning phase, the pretrained BEiT model is adapted for
downstream tasks like image classification, object detection,
and segmentation. By leveraging self-supervised masked
pretraining, BEiT significantly improves the efficiency and
generalization of ViTs, making them more data-efficient and
competitive with CNNs in vision tasks.

B. HIERARCHICAL AND MULTI-SCALE ARCHITECTURES
Hierarchical and Multi-Scale Architectures in Vision Trans-
formers (ViTs) are designed to capture features at multiple
scales, making them particularly effective for tasks like object
detection, segmentation, and other dense prediction tasks
[34]. These architectures often mimic the pyramidal structure
of Convolutional Neural Networks (CNNs), where features
are extracted at progressively higher levels of abstraction.

Below is a detailed explanation of the key architectures in
this category:

1) SWIN TRANSFORMER
The Swin Transformer (ShiftedWindow Transformer) [31] is
a hierarchical Vision Transformer (ViT) designed to improve
efficiency, scalability, and performance for computer vision
tasks such as image classification, object detection, and
segmentation. Introduced byMicrosoft Research, it addresses
the computational inefficiency of standard ViTs, which
use global self-attention and struggle with high-resolution
images. Swin Transformer introduces a hierarchical feature
extraction mechanism, similar to CNNs, where feature maps
are progressively reduced in size across layers, making it
highly efficient for dense prediction tasks. Figure 8 shows the
architecture of Swin Transformer.

A key innovation of Swin Transformer is the shifted win-
dow attention mechanism, where self-attention is computed
within non-overlapping local windows to reduce complexity,
followed by a shifted window approach that allows informa-
tion exchange between neighboring windows. This enables
Swin Transformer to capture both local and global depen-
dencies while significantly reducing computational cost
compared to standard ViTs. With its hierarchical structure
and efficient self-attention, Swin Transformer has become
a foundational architecture for vision tasks, outperforming
CNN-based models like ResNet and enabling state-of-the-
art results in image classification, object detection (Faster
R-CNN, Cascade R-CNN), and segmentation (Swin-UNet,
Mask R-CNN).

2) PYRAMID VISION TRANSFORMER (PVT)
The Pyramid Vision Transformer (PVT) [36] is a hierarchical
Vision Transformer designed to improve efficiency and
scalability for dense vision tasks such as object detection
and segmentation. Unlike the standard Vision Transformer
(ViT), which maintains a fixed sequence length throughout
its layers, PVT progressively reduces the number of tokens
as the network deepens, similar to the feature pyramid
structure used in CNNs. This hierarchical tokenization
enables multi-scale feature representation, making PVTmore
suitable for vision tasks that require fine-grained spatial
details.

A key innovation of PVT is its spatial-reduction attention
(SRA), which reduces the number of tokens in deeper
layers while still capturing global information. This signif-
icantly lowers memory and computational costs compared
to traditional ViTs, making PVT more efficient for high-
resolution images. Due to its strong feature representation
and scalability, PVT has been widely adopted for tasks such
as semantic segmentation (e.g., PVT + UPerNet), object
detection (e.g., PVT + RetinaNet), and dense prediction
applications, outperforming CNN-based architectures in
these domains. Its hierarchical structure allows it to bridge
the gap between ViTs and CNNs, offering the benefits of
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FIGURE 8. The architecture of a Swin Transformer (Swin-T) (based on [31]).

FIGURE 9. Architecture of MobileViT (based on [35]).

global self-attention while maintaining efficiency for real-
world applications.

3) TWINS TRANSFORMER
The Twins Transformer [37] is a hierarchical Vision Trans-
former (ViT) that improves the efficiency and scalability
of vision models by integrating both local and global
self-attention mechanisms. Unlike standard ViTs, which
rely on global self-attention throughout, Twins Transformer
introduces a dual-branch architecture that balances efficiency
and expressiveness by combining locally-grouped self-
attention (LCSA) for fine-grained spatial feature extraction
and global sub-sampled attention (GSA) for capturing long-
range dependencies.

A key advantage of the Twins Transformer is its
hierarchical multi-scale structure, similar to CNNs, which
enables better dense prediction tasks such as object detection
and segmentation. By limiting self-attention to localized
regions while incorporating periodic global attention, Twins
achieves lower computational complexity than standard
ViTs while maintaining strong feature representation. This
makes it particularly effective in vision tasks such as image
classification, object detection (Twins + Faster R-CNN), and

segmentation (Twins + Mask R-CNN, UPerNet). By striking
a balance between local feature extraction and global context
understanding, Twins Transformer serves as a highly efficient
alternative to traditional ViTs and CNNs for large-scale
vision applications.

4) CrossViT (CROSS-SCALE VISION TRANSFORMER)
The Cross-Scale Vision Transformer (CrossViT) is a
multi-scale Vision Transformer [38] designed to improve
representation learning by processing images at multiple
resolutions simultaneously. Unlike standard ViTs, which
operate on a single fixed-size patch embedding, CrossViT
introduces a dual-branch architecture, where one branch
processes larger patches (coarse features) for global context,
while the other processes smaller patches (fine details) for
local feature extraction. This cross-scale fusion allows the
model to capture both fine-grained and high-level semantic
information, leading to improved performance on various
vision tasks.

A key innovation in CrossViT is the Cross-Attention Mod-
ule (CAM), which enables efficient information exchange
between the coarse and fine branches. By integrating
multi-scale feature representations, CrossViT achieves better
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generalization and robustness compared to standard ViTs,
especially for classification, object detection, and segmen-
tation tasks. It has been shown to outperform traditional
ViTs and CNNs on image classification benchmarks while
maintaining comparable efficiency. CrossViT is particularly
useful for tasks where multi-scale information is crucial, such
as scene understanding, medical imaging, and fine-grained
object recognition.

C. EFFICIENCY AND LIGHTWEIGHT MODELS
Efficiency and Lightweight Models in Vision Transformers
(ViTs) focus on reducing computational complexity and
memory usage while maintaining competitive performance.
These models are designed for resource-constrained environ-
ments, such asmobile devices, edge computing, and real-time
applications. Below is a detailed explanation of the key
architectures in this category:

1) MobileViT
The MobileViT is a lightweight Vision Transformer [35]
designed for mobile and edge devices, combining the
strengths of convolutions and self-attention to achieve high
performancewhilemaintaining efficiency. Figure 9 shows the
architecture of MobileViT depicting various building blocks
of the architecture. Traditional ViTs require extensive com-
putations, making them unsuitable for real-time applications
on resource-constrained devices. To address this, MobileViT
introduces a hybrid CNN-Transformer architecture, where
convolutional layers are used for early feature extraction and
MobileViT blocks replace standard convolutional layers in
deeper network stages, enabling global self-attention with
minimal computational overhead.

A key innovation of MobileViT is its ability to learn both
local and global representations efficiently. It first applies
convolutional layers to extract local features, then unfolds
feature maps into sequences and processes them using
transformer-based self-attention before refolding them back
into a spatial representation. This design allows MobileViT
to retain the inductive biases of CNNs while leveraging
the global context-awareness of transformers. MobileViT
achieves state-of-the-art performance on image classification
(ImageNet), object detection, and segmentation, all while
being lightweight, fast, and memory-efficient making it ideal
for applications such as real-time AI, autonomous systems,
and mobile vision tasks.

2) LeViT (LEAKED VISION TRANSFORMER)
The LeViT (Leaked Vision Transformer) [39] is a hybrid
Vision Transformer (ViT) designed to be fast, efficient,
and scalable for mobile and edge computing applications.
Unlike standard ViTs, which suffer from high compu-
tational costs and memory usage, LeViT introduces a
convolution-Transformer hybrid approach, optimizing both
speed and accuracy. It combines convolutional layers for
early feature extraction with lightweight transformer blocks
for efficient global self-attention, resulting in a model that is

significantly faster than traditional ViTs while maintaining
competitive accuracy.

A key innovation in LeViT is the use of hierarchical
patch embeddings and downsampling to progressively reduce
the number of tokens, thereby reducing computational
complexity. Additionally, it replaces standard Multi-Head
Self-Attention (MHSA) with an optimized version, making
it more efficient for high-resolution images. LeViT achieves
better latency and throughput compared to traditional ViTs,
making it suitable for real-time applications such as object
detection, facial recognition, and edge AI tasks. By striking a
balance between performance, efficiency, and computational
cost, LeViT serves as a practical alternative to CNNs and
standard transformers in low-power environments.

3) CvT (CONVOLUTIONAL VISION TRANSFORMER)
The Convolutional Vision Transformer (CvT) [15] is a hybrid
Vision Transformer that integrates convolutional layers into
the standard ViT framework to improve efficiency, feature
extraction, and inductive biases. Introduced by researchers
from Microsoft, CvT enhances tokenization, local feature
extraction, and spatial hierarchies by leveraging convolutions
in both the patch embedding stage and self-attention layers.
This modification helps address the shortcomings of tradi-
tional ViTs, which lack local spatial priors and require large
datasets for effective training.

A key innovation in CvT is the Convolutional Token
Embedding, which applies overlapping convolutions instead
of simple linear projections, improving local feature rep-
resentation and reducing computational overhead. Addi-
tionally, CvT modifies the self-attention mechanism by
introducing depthwise convolutions within the projection
layers, making the transformer more efficient and structurally
similar to CNNs. These improvements enable CvT to
outperform standard ViTs and CNNs in image classification,
object detection, and segmentation tasks, while maintaining
a lower computational footprint. By combining the strengths
of CNNs and transformers, CvT offers an effective balance
between accuracy, efficiency, and scalability for real-world
vision applications.

D. ATTENTION MECHANISM INNOVATIONS
Attention Mechanism Innovations in Vision Transformers
(ViTs) focus on improving the efficiency, scalability, and
effectiveness of self-attention, which is the core component
of transformer architectures. These innovations address
challenges such as computational complexity, long-range
dependency modeling, and task-specific feature extraction.
Below is a detailed explanation of the key architectures in
this category:

1) CaiT (CLASS-ATTENTION IN IMAGE TRANSFORMERS)
The Class-Attention in Image Transformers (CaiT) is an
improved variant of the Vision Transformer (ViT) introduced
to enhance training stability and performance in deep
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TABLE 2. Comparison of vision transformer (ViT) architectures based on parameters, throughput, accuracy, and computational complexity.

transformer models [40]. Unlike standard ViTs, where the
classification token (CLS token) interacts with all layers,
CaiT introduces class-attention layers that are placed at
the end of the transformer stack. These layers exclusively
process the CLS token while keeping the patch tokens
frozen, reducing gradient propagation issues and allowing
deeper transformer architectures to be trained effectively.
This design helps mitigate the training instability of deep
transformers and improves representation learning for clas-
sification tasks.

CaiT also incorporates LayerScale, a technique that
introduces trainable scaling parameters in residual connec-
tions, further stabilizing deep model training. Compared to
conventional ViTs, CaiT achieves higher accuracy without
requiring additional pretraining data and scales efficiently
to deeper architectures. By refining token interactions and
stabilizing gradient flow, CaiT enables Vision Transformers

to achieve competitive results in image classification while
maintaining computational efficiency.

2) MaxViT (MAXIMALLY PARALLEL ViT)
The MaxViT (Maximally Parallel Vision Transformer) is
a highly efficient Vision Transformer that introduces a
grid-based attention mechanism to enhance scalability and
computational efficiency for vision tasks [41]. Unlike
standard ViTs, which rely on global self-attention and
suffer from quadratic complexity, MaxViT incorporates a
hybrid local-global attention approach that enables efficient
processing of high-resolution images. This design allows
MaxViT to balance local feature extraction and long-range
dependencies while maintaining a high degree of parallelism
for fast and scalable computations.

A key innovation in MaxViT is its Grid Attention mech-
anism, which combines block attention (local processing
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TABLE 3. Description of advanced ViT models. This table provides a description of some of the advanced ViT models, which are categorized based on the
key innovation along with its advantages and challenges.

within small regions) and grid attention (global interaction
across spatially distant regions) in a structured manner. This
hierarchical structure allows MaxViT to efficiently capture
both fine-grained details and global semantic information,
making it particularly effective for dense vision tasks such
as image classification, object detection, and segmentation.
Additionally, MaxViT retains CNN-like efficiency while
benefiting from transformer-based self-attention, enabling
strong performance across various benchmarks. By inte-
grating parallelized attention operations, MaxViT achieves
superior efficiency, making it well-suited for high-resolution
vision tasks and real-time AI applications.

3) ViTDet
The ViTDet (Vision Transformer for Detection) [42] is a
detection-optimized Vision Transformer designed specifi-
cally for object detection and instance segmentation tasks.
Unlike traditional ViTs, which are primarily used for image
classification, ViTDet is fine-tuned for dense prediction tasks
using a feature pyramid structure that allows multi-scale fea-
ture extraction. Developed for frameworks like Mask R-CNN
and Cascade R-CNN, ViTDet enables high-resolution vision
processing while maintaining the benefits of self-attention
mechanisms.

A key innovation in ViTDet is its use of non-overlapping
window attention, similar to Swin Transformer, to improve
computational efficiency while retaining global receptive
fields. This allows ViTDet to handle large-scale objects
and fine-grained details effectively. It is designed to
work seamlessly with modern object detection pipelines,
demonstrating state-of-the-art performance on benchmarks
such as COCO. ViTDet outperforms CNN-based models
like ResNet-FPN [43], making it a powerful choice for
high-precision detection, segmentation, and dense vision
applications by leveraging hierarchical feature extraction and
efficient transformer-based attention.

Table 2 provides the comparison of different ViT archi-
tectures discussed above based on parameters throughput,
accuracy, and computational complexity. The advanced ViT
models which are not explained in the above is summarized
in Table 3.

VI. APPLICATIONS OF VISION TRANSFORMERS
With the introduction of a novel framework known as Vision
Transformers (ViT), a new approach to tackling computer
vision tasks has emerged. Unlike traditional convolutional
neural networks (CNNs), which have long dominated the
field, ViTs reformulate these tasks as an optimization prob-
lem involving equality operations, positioning themselves as
a formidable alternative. Table 4 summarizes various ViT
Applications along with its architectural features, and some
real-World use cases,

A. IMAGE CLASSIFICATION
For classification, trainable attention is divided into two
primary streams. Paranoid intricate attention is a necessary
precondition for large-scale digital interactions, focusing
on specific image regions. Soft attention is used to create
deformable feature maps. The term ‘‘visual attention’’ was
first introduced to select essential regions and locations in an
image [44]. Additionally, resizing the input image can help
reduce the computational load of the model. The attention
heat map can be used to crop a sub-region from a global
image.

The first application of AG-CNN was in medical
image classification [45]. SENet [46] introduced soft
self-attention to reweight convolutional feature channels,
while complex attention requires recalibrating selected
feature maps. Saumya et al. [47] leveraged attention maps
to reweight DNNs using intermediate feature estimations.
Han et al. [48] further enhanced CNN representations by
employing attribute-aware attention.
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TABLE 4. Vision transformer applications: Task descriptions, architectural features, and real-world use cases.

FIGURE 10. The architecture of DETR (based on [49]).

iGPT [50] is a powerful yet non-specialized language
model for image classification. Traditional image classifica-
tion involves training on vast datasets of images and tags.
While iGPT learns from image descriptions or captions,
it cannot process or analyze image content directly.

Computer vision has long utilized pre-training approaches,
as revisited and integrated into self-supervised methods by
Chen et al. [50]. The pre-training phase is followed by fine-
tuning. The auto-regressive and BERT-based methods are
revealed during the pre-training stage. Unlike NLP, where
recursion is applied to language tokens, pixel prediction
is implemented using a sequence transformer architecture.
Pre-training, similar to early stopping methods, benefits
from favorable initializations like incremental PCA. A small
classification head is added in the final tuning stage to
adjust all weights and optimize classification objectives. The
following are the key observations and achievements:

• Understanding 2D Image Characteristics: Despite
being trained on 1D pixel sequences, iGPT understands
2D image features such as object appearance and
category.

• Generative Capabilities: It generates coherent image
completions and samples without human-provided
labels.

• Competitive Features: State-of-the-art performance is
achieved by features extracted from iGPT across various

image classification datasets, including CIFAR-10 [51],
CIFAR-100 [52], STL-10, and ImageNet.

B. OBJECT DETECTION
Object detection is a fundamental task in computer vision
that requires simultaneous localization and classifica-
tion of potential objects within a single image. It is
essential for various applications like facial recognition,
autonomous driving, pedestrian detection, and medical
detection. It significantly influences scene understand-
ing, environment perception, and object tracking. Deep
learning-based object detection methods are becoming
more popular due to their rapid development. However,
several challenges remain in handling varying scales,
creating lightweight models, and balancing efficiency with
precision.

Like Faster R-CNN [53], convolutional neural networks
(CNNs) have been the foundation of most traditional
mainstream object detection techniques. YOLO [54], and
SSD [55] are notable examples. The success of transformers
in natural language processing has led researchers to try
and modify Transformer topologies for computer vision
problems.

Transformers have gained significant interest in object
detection recently, leading to high-performance models
like Deformable DETR, DETR, Swin Transformer, and
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DINO. In-depth analysis and evaluation will be necessary
for subsequent research as these models represent a new
paradigm in object detection.

The Detection Transformer (DETR), introduced by
Carion et al. [56], is a transformer-based object detection
framework that eliminates the need for hand-crafted
components like region proposals. It extracts image features
using a CNN backbone, adds fixed positional encodings,
and processes them through an encoder-decoder transformer.
The decoder produces N output embeddings using learned
positional encodings (object queries), where N is predefined
rather than dependent on the number of objects. Final
predictions bounding boxes and class labels are computed
using simple feed-forward networks (FFNs). Unlike tradi-
tional detectors, DETR employs bipartite matching to assign
predictions to ground truth objects. The architecture of
DETER is shown in Figure 10.
Although DETR enables end-to-end object detection,

it has drawbacks like long training times and poor small-
object performance. Zhu et al. [57] introduced Deformable
DETR, which improves efficiency by using a deformable
attention module that focuses on key locations instead of
all spatial features. This accelerates convergence, reduces
computational costs, and integrates multi-scale features,
achieving 1.6× faster inference and 10× lower training cost
than DETR.

To further reduce computational complexity, Zheng et al.
[58] proposed the Adaptive Clustering Transformer (ACT),
which replaces DETR’s self-attention with locality sensitivity
hashing (LSH) for efficient query clustering, minimizing
accuracy loss. Multi-Task Knowledge Distillation (MTKD)
[59] mitigates performance drops with fine-tuning.
Sun et al. [60] identified cross-attention as the main

cause of DETR’s slow convergence. They proposed an
encoder-only variant with improved training stability, intro-
ducing TSP-FCOS and TSP-RCNN models, which enhance
performance with feature pyramids.

Dai et al. [61] developed UP-DETR, an unsupervised pre-
training approach inspired by NLP, using random query patch
detection. This improves DETR’s accuracy, especially on
small datasets like PASCAL VOC.

MaX-DeepLab is designed explicitly for a sub-category
of semantic segmentation known as panoptic segmentation.
The object detection using MaX-DeepLab is shown in
Figure 11, which uses a dual-path transformer architecture for
object detection. The regular semantic segmentation method
provides each pixel in an imagewith a unique class label (e.g.,
car, person, background), but it doesn’t differentiate between
individual instances of objects. While panoptic segmentation
combines both semantic segmentation and instance segmen-
tation [62]. MaX-DeepLab directly predicts class-labeled
masks, eliminating the need for separate steps like object
detection and merging. It achieves advanced performance
using a ‘‘dual-path transformer’’ that combines CNNs with
transformers [62].

FIGURE 11. Object detection using MaX-DeepLab using dual-path
transformer architecture(based on [63]).

C. SEMANTIC SEGMENTATION
Semantic segmentation requires rich spatial information and
a large receptive field. Unfortunately, newer techniques typi-
cally sacrifice spatial resolution to reach real-time inference
speed, resulting in subpar performance. A brand-new network
for bilateral segmentation called as BiSeNet was proposed by
C.Yu et al. [64]. A Small Stride Spatial Path was built first to
maintain the spatial information and produce high-resolution
features. A quick downsampling Context Path is used in
the interim to obtain an adequate receptive field. A new
Feature FusionModule was introduced to efficiently combine
the characteristics on top of the two paths. The suggested
architecture strikes the ideal compromise between speed and
segmentation performance on the Cityscapes, CamVid, and
COCO-Stuff datasets. 68.4% of the mean IOU for the 2048×

1024 input.
Deformable VisTR is an extension of the VisTR frame-

work, an end-to-end transformer-based approach for VIS.
One of the major challenges with VisTR is its train-
ing efficiency. It is computationally expensive, requiring
around 1000 GPU hours during training. Another important
challenge is its slow convergence. To resolve these potential
challenges, Deformable VisTR uses the Spatio-Temporal
Deformable Attention module [65]. The key idea is that
instead of attending to all points, it focuses on a small, fixed
number of crucial spatiotemporal sampling locations. The
key benefit is that it achieves linear computation in the size of
spatiotemporal feature maps while maintaining performance
comparable to the original VisTR but with significantly fewer
GPU training hours (10 × less).

D. ACTION RECOGNITION
Action recognition involves analyzing human movements
from video sequences by capturing both spatial (object pres-
ence) and temporal (motion dynamics) information. Vision
Transformers (ViT) have shown remarkable performance in
this domain by leveraging self-attention to model long-range
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FIGURE 12. ST-GCN block structure (based on [69]).

dependencies, leading to greater robustness and reduced data
requirements compared to traditional methods [66].
Despite their success, ViT faces computational challenges

when applied to videos. Researchers have explored vari-
ous strategies to improve efficiency including processing
shorter video segments instead of full sequences, using
skeleton-based representations (body joint positions) to
reduce complexity, and designing specialized ViT architec-
tures tailored for video tasks [67]. Effective action recog-
nition requires capturing both spatial structures (object or
joint positions) and temporal patterns (movement dynamics).
One approach is skeleton-based modeling, where human
movements are represented as graphs, providing a compact
and viewpoint-invariant representation [68]. Graph-based
methods offer advantages over raw video-based techniques
by focusing on motion patterns rather than pixel-based
details.

ST-GCN [69] is a skeleton-based action recognition that
relies on modeling human movement as a graph, where joints
act as nodes and their connections as edges. This approach
is more robust to variations in viewpoint, occlusions, and
appearance changes compared to traditional RGB-based
methods. Earlier techniques used handcrafted features such
as SURF [70] and SIFT [71], but these struggled to capture
long-range dependencies and required extensive tuning.
Recent advances have shifted towards Graph Convolutional
Networks (GCNs), which effectively model spatial and
temporal relationships in skeletal data. The block structure
of ST-GCN is shown in Figure 12.
Sijie Yan et al. [72] pioneered the use of GCNs for action

recognition by constructing graphs from human skeletons and
applying graph convolutions to extract movement features.
Li et al. [73] extended this concept by introducing the
Action Structure Graph Convolutional Network (AS-GCN)
[74], which incorporated additional structural and actional
connections to improve recognition accuracy. However,
many GCN-based methods focus only on natural joint
connections, overlooking important relationships between
non-adjacent joints. ST-GCN enhances traditional GCN
models by incorporating extended skeleton graphs with
functional connections and a refined partitioning strategy,
significantly improving action recognition performance on
large-scale datasets [69], [75]. These advancements open new
possibilities for more efficient and accurate skeleton-based
action recognition, paving the way for further research in
graph-based approaches.

While these methods are widely used in video processing,
ViT offers a more powerful alternative by directly learning
spatial and temporal representations through self-attention,
reducing reliance on handcrafted features. Recent research
focuses on optimizing ViT for efficient action recognition,
making them increasingly viable for large-scale applications.

E. VIDEO PROCESSING
Video processing is another important computer vision task
that involves analyzing and manipulating video streams
to extract meaningful information. It plays a crucial role
in applications that require understanding dynamic scenes,
such as action recognition, autonomous driving, and surveil-
lance. ViTs have significantly advanced video processing
by modeling complex temporal dynamics and long-range
dependencies. Compared to traditional methods, they achieve
superior accuracy and quality, leading to remarkable progress
in tasks like video completion and translation. ViT facilitates
tasks that demand a deep understanding of video content
and temporal coherence by effectively capturing spatial and
temporal information.

1) VIDEO COMPLETION
ViT excels in video completion by leveraging self-attention to
capture long-range dependencies and contextual information,
ensuring temporal coherence and realistic results. Their
ability to analyze spatial and temporal features makes them
well-suited for video inpainting and extrapolation, signifi-
cantly enhancing video continuity, and visual quality [101].
Existing approaches to video inpainting often struggle

with maintaining temporal consistency due to their limited
temporal receptive fields. Many methods rely on adjacent
frames, leading to artifacts and inconsistencies when han-
dling complex motion. These approaches typically assume
global affine transformations, which can result in inaccu-
rate reconstructions [102]. Additionally, without dedicated
temporal coherence optimization, frame-by-frame processing
requires extensive post-processing, which may fail under
severe artifacts. The Spatial-Temporal Transformer Network
(STTN) was proposed to overcome these challenges, which
formulates video inpainting as a ‘‘multi-to-multi’’ problem.
STTN fills missing regions across multiple frames by
leveraging both nearby and distant frames. A multi-scale
patch-based attention module identifies coherent content
across spatial and temporal dimensions, with transformer
heads computing similarity across spatial patches at dif-
ferent scales. Stacking multiple layers, STTN dynamically
enhances attention mechanisms to refine missing regions.
Additionally, a spatial-temporal adversarial loss guides the
model in learning to generate cohesive and visually realistic
content [103].

2) VIDEO CAPTIONING
ViTs are essential for video translation due to their self-
attention mechanism, which captures complex
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TABLE 5. Benchmarking ViT performance across tasks: Objectives, Models, datasets, and evaluation criteria.

transformations and inter-frame interactions. This enables
precise frame interpolation, style transfer, and resolution
enhancement. By efficiently gathering spatial and temporal
information, transformers produce accurate, and superior
video translations [104].

Current video captioning methods for untrimmed videos
typically involve two phases: proposal localization and
caption generation. The Masked Transformer (MT) [105],
inspired by machine translation, integrates and optimizes
these steps. The MT model uses a proposal encoder to
predict event proposals and a caption decoder to generate
captions. It replaces recurrent neural networks (RNNs) with
stacked self-attention blocks to better capture long-range
dependencies.

The Accelerated Masked Transformer (AMT) [106]
improves upon MT with enhanced efficiency. It intro-
duces acceleration strategies for both stages. First, faster
localization via local attention and a lightweight, anchor-
free proposal predictor, and second, single-shot feature
masking and average attention for quicker caption generation.
In testing, AMT is nearly twice as fast as a 3-layer
Masked Transformer, with slightly better performance. AMT
demonstrates the power of self-attentionmechanisms in video
captioning by effectively handling long-range dependencies
and optimizing computational efficiency. The introduction

of local attention and single-shot feature masking in AMT
significantly enhances processing speed without compromis-
ing accuracy, making it a strong contender for real-time
applications.

Table 5 provides the summary of benchmarking ViT
performance across differnt computer vision tasks. The table
also have reference to various benchmarked datasets and the
top evaluation metrics.

VII. COMPARISON WITH CNNs AND HYBRID
APPROACHES
Vision Transformers (ViTs) and Convolutional Neural Net-
works (CNNs) represent two distinct paradigms for visual
understanding. While CNNs excel due to their inductive
biases, such as spatial locality and translation invariance,
ViTs leverage self-attention to capture long-range dependen-
cies and model global relationships. This section compares
their performance, strengths, and trade-offs, while also
highlighting the emergence of hybrid models that aim to
combine the best aspects of both architectures.

A. PERFORMANCE BENCHMARKS ON STANDARD
DATASETS
ViTs have demonstrated competitive or superior performance
to CNNs on major computer vision benchmarks, particularly
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TABLE 6. Image classification performance on ImageNet-1K.

TABLE 7. Performance on COCO (Detection) and ADE20K (Segmentation).

when large-scale datasets are available. Table 6 shows the
comparison of ViT and CNN for image classification tasks.
The CNNs, such as EfficientNet, have been found to be
more parameter-efficient when working with small datasets
[107]. In contrast, ViTs and DeiT typically require large-scale
pretraining on extensive datasets, such as ImageNet-21K/JFT,
to match the performance of CNNs. However, hybrid
models that combine the strengths of both architectures,
like ConvNeXt and CoAtNet, have shown great promise in
bridging this gap, often outperforming both pure ViTs and
CNNs [108].
Table 7 provides the comparison for object detection

and segmentation tasks. The ViTs have been shown to
excel in high-compute scenarios, such as object detec-
tion, where models like ViTDet outperform traditional
CNN-based detectors when sufficient data is available.
However, hybrid models, including Swin and PVT,
have demonstrated exceptional performance by leveraging
the strengths of both architectures, particularly through
their ability to learn multi-scale features, ultimately
dominating the landscape in various computer vision
tasks.

B. STRENGTHS AND WEAKNESSES: CNNs VS. ViTs
Both Vision Transformers (ViTs) and Convolutional Neural
Networks (CNNs) are foundational architectures in com-
puter vision, each with distinct advantages and limitations.
ViTs, inspired by the Transformer model in natural lan-
guage processing (NLP), leverage self-attention to process
images, while CNNs utilize convolutional layers to extract
hierarchical features. Below is an expanded comparison
highlighting their strengths and weaknesses across various
dimensions.

1) STRENGTHS AND WEAKNESSES OF CNN
CNNs excel in parameter efficiency and local feature
extraction, making them ideal for resource-constrained
applications like mobile devices and small datasets. Their
convolutional operations, honed by decades of research,
efficiently capture hierarchical patterns (e.g., edges, textures)
and benefit from robust frameworks like PyTorch [109].
However, their reliance on local receptive fields limits global
context understanding, and their sequential layer structure
reduces parallelism, hindering scalability. While techniques
like dilated convolutions help, CNNs often underperform
ViTs in tasks requiring long-range dependencies, such as
scene understanding or multimodal learning.

2) STRENGTHS AND WEAKNESSES OF ViT
ViTs surpass CNNs in global reasoning and scalability,
leveraging self-attention to model distant relationships
and achieve state-of-the-art results on large datasets. Yet,
their quadratic computation cost and data hunger make
them impractical for edge deployment or small-scale tasks
where CNNs remain dominant. For applications demand-
ing fine-grained local analysis (e.g., medical imaging)
or efficient inference, CNNs retain an edge, while ViTs
thrive in high-complexity domains like video analysis or
multimodal systems [110]. The choice hinges on trade-offs
between computational resources, data availability, and task
requirements.

The key strengths and weaknesses discussed above about
CNNs and ViTs are summarized in Table 8. While CNNs
remain a robust choice for resource-efficient and small-scale
applications, ViTs dominate large-scale and complex tasks.
Hybrid approaches like Swin Transformer and BoTNet [111]
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TABLE 8. Comparison of vision transformers (ViTs) and convolutional neural networks (CNNs) across various aspects.

TABLE 9. Popular hybrid architectures combining CNNs and transformers.

combine the strengths of both paradigms, offering promising
solutions across diverse domains.

C. HYBRID MODELS: COMBINING CNNs AND
TRANSFORMERS
Hybrid models aim to leverage the strengths of both Convo-
lutional Neural Networks (CNNs) and Vision Transformers
(ViTs) to create a more powerful and efficient architecture.
By combining the local feature extraction capabilities of
CNNs with the global understanding and parallelization
capabilities of ViTs, hybrid models can achieve state-of-the-
art performance in various computer vision tasks. Hybrid
models can learn features at multiple scales, combining
the local features extracted by CNNs with the global
features learned by ViTs [112]. Hybrid models can create a
hierarchical representation of the input data, with early layers
focusing on local features and later layers focusing on global
features. Hybrid models can benefit from the parallelization
capabilities of ViTs, making them more efficient for large-
scale computations.

Hybrid models can achieve state-of-the-art performance in
various computer vision tasks, surpassing the performance
of pure CNNs and ViTs. Some of the advanced and popular
hybrid architectures available in the literature are summarized
in Table 9.

D. KEY TRADE-OFFS
The choice of architecture depends on the specific application
and requirements. For edge devices and small datasets,

Convolutional Neural Networks (CNNs) such as MobileNet
and EfficientNet are suitable due to their efficiency and
parameter frugality. For example, in medical imaging and
robotics, where data is often limited and computational
resources are constrained, CNNs have been shown to be
effective. In contrast, Vision Transformers (ViTs) are better
suited for large-scale pretraining tasks, such as those using
the JFT or LAION datasets, and for tasks that require a global
understanding of the input data, like panoramic segmentation.
Hybrid models, which combine the strengths of both CNNs
and ViTs, offer a balanced trade-off between efficiency and
accuracy, making them a good choice for applications where
both are important, such as in the Swin and ConvNeXt
models. Additionally, hybrid models have been shown to be
effective for detection and segmentation tasks, such as in
the PVT and Mask2Former models, where their ability to
capture both local and global features is particularly useful.
Table 10 summarizes the key trade-off between CNNs, ViTs
and hybrid models on various aspects.

VIII. CHALLENGES AND OPEN ISSUES
Vision Transformers (ViTs) have demonstrated remarkable
success across various computer vision tasks, but several
critical challenges remain unresolved. These limitations
present important opportunities for future research and
development. Figure 13 provides the summary of various
challenges and limitations of ViT in image processing and
computer vision, which is briefly explained in the below
subsections.
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TABLE 10. Key trade-offs between CNNs, ViTs, and hybrid models.

FIGURE 13. ViT challenges and open issues.

A. DATA EFFICIENCY AND PRETRAINING REQUIREMENTS
One of the significant challenges facing Vision Transformers
(ViTs) is their requirement for massive datasets to achieve
competitive performance. In contrast to Convolutional Neural
Networks (CNNs), which can learn effectively from smaller
datasets, ViTs typically necessitate large-scale pretraining
datasets, such as JFT-300M or LAION [113], to reach state-
of-the-art performance. This raises several key issues and
open problems that must be addressed to improve the data
efficiency of ViTs. The following are the key issues:

• Weak inductive biases: Compared to CNNs, ViTs pos-
sess weaker inductive biases, including a lack of built-in
translation equivariance and locality. This results in
reduced performance when trained on smaller datasets,
where the model’s ability to generalize is crucial.

• Poor sample efficiency: ViTs demonstrate poor sample
efficiency on medium-sized and small datasets, such
as those encountered in medical imaging applications.
This limitation hinders the adoption of ViTs in domains
where data is scarce or expensive to collect.

The following are some of the open challenges on data
efficiency:

• Self-supervised learning: Can self-supervised learning
(SSL) methods, such as Masked Autoencoders (MAE)
or Dense Contrastive Learning (DINO), eliminate the
need for supervised pretraining? SSL methods have

shown promise in reducing the reliance on large labeled
datasets, but their effectiveness in ViTs remains an open
question.

• Designing ViT architectures with stronger priors: How
can ViT architectures be designed to incorporate
stronger built-in priors, allowing them to perform well
in small data regimes? This may involve introducing
additional constraints or biases into the model, such as
spatial hierarchies or attention mechanisms, to improve
its ability to generalize from limited data.

• Knowledge distillation: Are there effective distillation
techniques to transfer knowledge from large ViTs to
compact versions, enabling the deployment of ViTs in
resource-constrained environments? Distillation meth-
ods have been successfully applied to CNNs, but their
applicability to ViTs remains an open problem.

B. COMPUTATIONAL COST AND MEMORY FOOTPRINT
The Vision Transformer (ViT) architecture has shown
remarkable performance in various computer vision tasks, but
its computational cost and memory footprint pose significant
challenges, particularly when dealing with high-resolution
images and video. The quadratic complexity of self-attention,
a key component of ViTs, limits their applicability to large-
scale inputs. The key issues are the following:

• Quadratic complexity: The self-attention mecha-
nism [114] in ViTs has a computational complexity
of O(N 2) and memory requirements of O(N 2) for N
patches, where N is the number of patches in the input
image. This quadratic complexity leads to significant
computational costs and memory consumption, making
it challenging to apply ViTs to high-resolution images
and video.

• Heavy memory consumption during training: The large
memory requirements of ViTs during training can lead
to significant memory consumption, making it difficult
to train large models on standard hardware.

• Inefficient inference: Compared to optimized Con-
volutional Neural Networks (CNNs), ViTs can be
less efficient during inference, which can limit their
deployment in real-time applications.
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Some of the open challenges on computational and
memory efficiency are listed below:

• Linear attention variants: Can linear attention vari-
ants, such as linear attention or attention with linear
complexity, achieve parity with softmax attention in
terms of performance? Linear attention variants can
potentially reduce the computational complexity and
memory requirements of ViTs, making them more
applicable to large-scale inputs.

• Optimization for hardware accelerators: How can ViTs
be optimized for hardware accelerators, such as Tensor
Processing Units (TPUs) or Graphics Processing Units
(GPUs), to improve their computational efficiency and
reduce memory consumption? Optimizing ViTs for
hardware accelerators can enable their deployment in a
wide range of applications, from cloud-based services to
edge devices.

• Dynamic token sparsification: Are there dynamic token
sparsification methods that can maintain the accuracy
of ViTs while reducing their computational cost and
memory requirements? Token sparsification methods,
such as pruning or quantization, can potentially reduce
the number of tokens processed by the self-attention
mechanism, leading to significant computational sav-
ings and memory reduction.

C. ROBUSTNESS AND GENERALIZATION
Vision Transformers (ViTs) have demonstrated impressive
performance in various computer vision tasks, but their
robustness and generalization capabilities are still not well
understood. Recent studies have revealed that ViTs can
exhibit unexpected failure modes when faced with distribu-
tion shifts and adversarial attacks, which raises significant
concerns about their reliability and trustworthiness. The
following are some of the key challenges:

• Susceptibility to adversarial patches: ViTs have been
shown to be vulnerable to adversarial patches, which
are small, specially crafted patches that can be added to
an image to mislead the model [115]. This vulnerability
highlights the need for more robust and secure ViT
architectures.

• Poor out-of-distribution generalization: ViTs often
struggle to generalize to new, unseen distributions,
which can lead to poor performance in real-world
applications. This limitation is particularly concerning
in domains where data distribution shifts are common,
such as in medical imaging or autonomous driving.

• Attention collapse in deep architectures: Deep ViT
architectures can suffer from attention collapse, where
the attention mechanism becomes less effective or
even collapses, leading to poor performance. This
phenomenon is not yet fully understood and requires
further investigation.

The following are some of the open issues still present in ViT
for future exploration and study:

• Robustness paradox: Why are ViTs simultaneously
robust to some perturbations (e.g., random noise)
but vulnerable to others (e.g., adversarial patches)?
Understanding this paradox is crucial for developing
more robust ViT architectures.

• ViT-specific regularization techniques: Can we develop
regularization techniques that are specifically designed
for ViTs, which can help improve their robustness and
generalization capabilities? Regularization techniques,
such as dropout or weight decay, are commonly used
in CNNs, but their effectiveness in ViTs is still an open
question.

• Stabilizing attention mechanisms: How can we make
attention mechanisms more stable and robust, par-
ticularly in deep architectures? Stabilizing attention
mechanisms is crucial for improving the overall robust-
ness and generalization capabilities of ViTs.

D. INTERPRETABILITY AND EXPLAINABILITY
While Vision Transformers (ViTs) have achieved remark-
able performance across computer vision tasks, their
decision-making processes remain significantly less inter-
pretable than conventional CNNs [116]. This ‘‘black box’’
nature poses substantial challenges for deployment in sensi-
tive domains (e.g., medical imaging, autonomous systems)
where model transparency is crucial. Some of the key
challenges are listed below:

• Noisy AttentionMaps:Unlike CNNfilters that often cor-
respond to semantically meaningful features (e.g., edge
detectors), ViT attention maps frequently exhibit diffuse
or counterintuitive patterns. Unlike CNN filters that
often correspond to semantically meaningful features
(e.g., edge detectors), ViT attention maps frequently
exhibit diffuse or counterintuitive patterns.

• Lack of Feature Visualization Analogues: Patch embed-
dings are high-dimensional and non-linear. Attention
operates on abstract token relationships rather than
spatial hierarchies. While CNNs enable visualization
through Filter activation patterns and Class activation
maps (e.g., Grad-CAM).

• Cross-Patch Interaction Complexity: Global self-
attention creates intricate dependency graphs where any
patch can influence any other, making it difficult to trace
decision pathways. The dynamic nature of attention
(context-dependent weights) prevents static analysis of
feature importance.

The following are the open issues that pave the way
for future research directions on ViT interpretability and
explainability:

• Quantifying Interpretability: Metrics Needed: Formal
measures to evaluate whether attention aligns with
human-annotated regions of interest andCausal relation-
ships. Standardized datasets with ground-truth explana-
tions for model decisions.
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• ViT-Specific Visualization Tools: Methods to filter
noisy attention (e.g., sparsification, clustering) while
preserving salient features. Techniques to map attention
patterns to visualize semantic concepts and temporal
analysis.

• Human-Aligned Attention: Training objectives that
encourage attention to focus on semanticallymeaningful
regions (e.g., integrating eye-tracking data). Intermedi-
ate layers that enforce alignment with human-defined
concepts. Architectures that distinguish correlation from
causation in patch relationships.

E. REAL-TIME AND EDGE DEPLOYMENT
While Vision Transformers (ViTs) have demonstrated state-
of-the-art performance onmany vision tasks [117], their com-
putational demands make deployment in latency-sensitive
and resource-constrained environments particularly challeng-
ing. Unlike CNNs that benefit from decades of hardware
optimization, ViTs face fundamental architectural hurdles for
efficient edge deployment [118]. Some of the key issues are
as follows:

• High Inference Latency: The quadratic complexity of
self-attention leads to 2-5× slower inference than opti-
mized CNNs for comparable accuracy. This is particu-
larly problematic for high-resolution inputs (greater than
512px) where the patch count grows rapidly. Hardware-
unfriendly operations include Irregular memory access
patterns in attention and a lack of optimized kernels for
token mixing operations.

• Memory Constraints:ViTs require 3-10×morememory
than CNNs due to the storage of full attention matrices
(O(N 2)) and large intermediate activations in feed-
forward layers. This adds limitations to developing
ViT models in mobile and memory-constrained edge
devices.

• Framework Limitations: Current deployment stacks
(TensorRT, ONNX Runtime) are optimized for
CNNs. Missing compiler optimizations for dynamic
token sparsification, mixed-precision attention, and
hardware-specific acceleration of matrix
multiplications.

The following are some of the open challenges that exist in
deploying ViT in real-time and edge deployment:

• Real-Time Video Processing: Architectural innovations
needed for temporal attention compression for video,
keyframe-based attention sharing, and recurrent ViT
variants with memory buffers. Latency targets should be
<30ms/frame for 1080p video (real-time at 30FPS) and
<100mW power consumption for embedded vision.

• Model Compression Strategies: Attention-specific
quantization schemes and 4-bit integer vs floating-point
tradeoffs should be considered specifically for ViT
deployment. Pruning techniques should be improved for
Token pruning (adaptive computation), head pruning for
multi-head attention and block-wise sparsity patterns.

Need improvement in distillation methods to CNN-to-
ViT knowledge transfer.

• Mobile Deployment Optimization: Hardware-aligned
designs to patch embeddings optimized for mobile
NPUs, and Attention approximation for DSP acceler-
ation. The existing or new framework should support
TFLite delegates for ViT ops and ONNX extensions for
dynamic attention.

IX. RECENT ADVANCEMENTS IN ViT
Recent Vision Transformers (ViTs) advancements have sig-
nificantly enhanced their performance, efficiency, and appli-
cability across various computer vision tasks. Researchers
have developed lightweight and efficient variants like
MobileViT and TinyViT, which reduce computational costs
while maintaining high accuracy, making them suitable for
resource-constrained devices. Techniques such as masked
autoencoders (MAE) and self-supervised learning frame-
works (e.g., DINO, BEiT) have improved data efficiency,
enabling ViTs to generalize well even with limited labeled
data. Hierarchical architectures like Swin Transformers
and PVT have addressed scalability challenges, allow-
ing ViTs to handle high-resolution images effectively
for dense prediction tasks like segmentation and object
detection. Additionally, multimodal models such as CLIP
and Flamingo have expanded ViTs’ capabilities to bridge
vision and language understanding, opening new possi-
bilities for cross-modal applications. These advancements,
coupled with ongoing research into interpretability, robust-
ness, and hardware optimization, continue to solidify ViTs
as a powerful and versatile tool in modern computer
vision.

1) Efficient Vision Transformers: One of the main
challenges with ViTs is their computational cost and
memory footprint. Several advancements have focused
on reducing computational complexity while maintain-
ing high performance [119]:
a) Swin Transformer: Introduces hierarchical attention

with shifted windows, reducing computational cost
while preserving spatial locality.

b) Pyramid Vision Transformer (PVT): Uses progres-
sively smaller attention windows, making it efficient
for dense prediction tasks.

c) Tokens-To-Token (T2T-ViT): Refines tokenization by
aggregating local features before feeding them into
the transformer, improving inductive biases.

d) LeViT & MobileViT: Optimized for edge and mobile
devices, reducing energy consumption while main-
taining competitive accuracy.

e) Token Merging (ToMe): Reduces redundant tokens
dynamically to enhance efficiency while preserving
accuracy.

2) Self-Supervised & Contrastive Learning in ViTs:
Self-supervised learning (SSL) has enabled
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transformers to learn from unlabeled data, improving
robustness and generalization [120]:
a) DINO (Self-Distillation with No Labels):Uses knowl-

edge distillation to train ViTs without labels, produc-
ing high-quality, semantic feature representations.

b) MAE (Masked Autoencoders): Adapts masked image
modeling (similar to BERT’s masked token predic-
tion) for vision tasks, reconstructing missing patches
of an image.

c) SimMIM & iBOT: Extend contrastive and masked
modeling techniques to enhance self-supervised
learning efficiency.

3) Multimodal Vision Transformers: ViTs are increas-
ingly used in multimodal tasks [121] by integrating
vision with text, speech, or other modalities:
a) CLIP (Contrastive Language-Image Pretraining):

Learns vision representations from natural language
supervision, enabling zero-shot classification.

b) DALL-E and Parti: Vision-language models that
generate images from textual descriptions, leveraging
transformer-based architectures.

c) BEiT (Bidirectional Encoder Representation from
Images): Inspired by BERT, it learns bidirectional
representations using self-supervised objectives.

4) Vision Transformers in Medical Imaging: ViTs
have shown promise in medical imaging applications,
improving diagnosis accuracy in radiology, pathology,
and ophthalmology [91]:
a) TransUNet: Combines UNet-like convolutional lay-

ers with transformers for medical image
segmentation.

b) Swin UNETR: Uses hierarchical attention mecha-
nisms to improve medical image processing.

c) ViTs in Pathology: Applied in histopathology for
cancer detection, anomaly localization, and cell
segmentation.

5) Robustness and Generalization of ViTs: ViTs exhibit
improved robustness against adversarial attacks com-
pared to CNNs. However, research focuses on enhancing
generalization across different datasets [122]:
a) Adversarially Trained ViTs: Improve robustness by

integrating adversarial learning techniques.
b) RobustViT & Efficient Fine-Tuning: Reduce overfit-

ting by integrating domain adaptation strategies.
c) Few-Shot Learning with ViTs: Enhance learning

capabilities in data-scarce environments using meta-
learning approaches.

6) Hardware Acceleration for ViTs: Efforts have been
made to optimize ViTs for real-time applications on
GPUs, TPUs, and specialized AI accelerators [123]:
a) Sparse Transformers: Reduce computational com-

plexity by processing only essential tokens.
b) Quantized ViTs: Lower bit precision models for

energy-efficient inference.

c) Neuromorphic ViTs: Exploring biologically inspired
spiking neural networks (SNNs) for ultra-low-power
vision tasks.

X. CONCLUSION
Transformers have introduced a paradigm shift in computer
vision by replacing traditional, localized feature extractors
with globally attentive mechanisms capable of modeling
intricate relationships across an image. Through this survey,
we have provided a comprehensive exploration of the
foundational principles of transformers, their adaptation
to vision-specific tasks, and the evolution of architectures
such as ViT, DeiT, Swin Transformer, PVT, CrossViT, and
others. These models demonstrate that vision transformers
can achieve state-of-the-art performance across a wide
spectrum of applications including image classification,
object detection, segmentation, medical image analysis,
video understanding, and cross-modal learning. Moreover,
we have compared transformers with CNNs and hybrid
models to illustrate their strengths in capturing global context,
flexibility in design, and potential for multi-task learning.
However, their superior performance often comes at the
cost of higher computational demands, memory usage, and
reliance on large-scale datasets for effective training factors
that limit their widespread adoption in resource-constrained
environments.

Despite these limitations, recent advancements have
shown promising directions to make Vision Transformers
more practical and adaptable. Techniques such as pruning,
quantization, knowledge distillation, and the design of
efficient transformer variants are helping reduce computa-
tional overhead. In parallel, self-supervised and contrastive
learning approaches are improving data efficiency and
model generalization. Furthermore, the growing interest in
multimodal architectures where transformers serve as a
unifying backbone across text, vision, and audio indicates
their expanding role in broader AI systems. Looking
ahead, future research should focus on improving the
interpretability of ViTs, enhancing robustness to adversar-
ial inputs, and optimizing their deployment for real-time
and edge computing. With these developments, Vision
Transformers are well-positioned to become foundational
components of intelligent systems across diverse domains,
combining accuracy, flexibility, and scalability in ways
that go beyond the capabilities of traditional convolutional
architectures.
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