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The video transformer model, a deep learning tool relying on the self-attention mechanism, is capable of 
efficiently capturing and processing spatiotemporal information in videos through effective spatiotemporal 
modeling, thereby enabling deep analysis and precise understanding of video content. It has become a 
focal point of academic attention. This paper first reviews the classic model architectures and notable 
achievements of the transformer in the domains of natural language processing (NLP) and image 
processing. It then explores performance enhancement strategies and video feature learning methods 
for the video transformer, considering 4 key dimensions: input module optimization, internal structure 
innovation, overall framework design, and hybrid model construction. Finally, it summarizes the latest 
advancements of the video transformer in cutting-edge application areas such as video classification, 
action recognition, video object detection, and video object segmentation. A comprehensive outlook on 
the future research trends and potential challenges of the video transformer is also provided as a reference 
for subsequent studies.

Introduction

   Since the rise of deep learning, neural network models have 
greatly promoted the progress of artificial intelligence (AI). 
Among them, the transformer model [  1 ] has revolutionized 
traditional deep learning structures with its unique self-attention 
mechanism and excellent feature extraction ability, achieving 
remarkable results across various fields. In natural language 
processing (NLP), transformers have become the dominant 
architecture, effectively addressing the problem of long-term 
dependencies, improving training efficiency, and being widely 
used in tasks such as machine translation and text summariza-
tion. Through pre-training techniques, large language models 
such as bidirectional encoder representations from transform-
ers (BERT) [  2 ] and the generative pre-trained transformer 
(GPT) series [  3 ] have rapidly developed, providing strong sup-
port for NLP tasks.

   Inspired by the success of the transformer in NLP, Google 
applied it to computer vision (CV) and introduced the vision 
transformer (ViT) [  4 ]. It has performed exceptionally well on 
specific visual recognition tasks, even surpassing human per-
formance on datasets such as ImageNet [  5 ,  6 ]. By utilizing the 
self-attention mechanism to process images, ViT provides novel 
solutions for tasks such as image recognition and classification, 
exhibiting high robustness [  7 ]. It challenges the dominance of 
traditional convolutional neural networks (CNNs), relaxing the 

constraint of translation invariance and possessing a weaker 
inductive bias. Research [  8 ] has shown that image transformers 
are important for constructing visual models that are closer to 
human perception and for understanding human visual object 
recognition.

   However, while image-based applications have received 
extensive attention, the domain of video—an inherently richer 
and more complex visual modality—remains comparatively 
underexplored. Videos present unique challenges due to their 
spatiotemporal nature: they capture not only spatial patterns 
across frames but also temporal dynamics over time. This 
increases data dimensionality and introduces motion-specific 
features such as object trajectories and temporal coherence, 
which require specialized modeling approaches. Despite the 
transformer’s theoretical capacity to capture long-range depen-
dencies, its lack of built-in inductive bias and high computa-
tional cost make it ill-suited for naively handling video data. 
As a result, substantial research has emerged proposing targeted 
adaptations, including spatiotemporal factorization, temporal 
attention schemes, token sparsification strategies, and hybrid 
CNN–transformer modules. However, existing surveys often 
overlook these innovations or fail to organize them into a com-
prehensive taxonomy [  9 –  12 ].

   Crucially, enhancing performance and feature learning 
capabilities is central to making video transformers viable for 
real-world deployment. Tasks such as action recognition, 
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video summarization, and event detection demand models 
that can simultaneously extract fine-grained motion cues and 
maintain global contextual understanding. Dual-branch archi-
tectures, for example, capture static (spatial) and dynamic 
(temporal) features in parallel, improve the model’s represen-
tational richness. Furthermore, rapidly evolving application 
scenarios—such as real-time sports analytics, autonomous 
driving, and multi-view scene understanding—require light-
weight, efficient, and high-performing video models. Yet, these 
use cases are often underrepresented in existing literature, 
creating a gap between current research and practical deploy-
ment needs [ 9 – 12 ].

   Here, we bridge this gap by offering the following: (a) a com-
prehensive taxonomy of architectural innovations tailored to 
video data, clearly mapping to the dual challenges of dimen-
sionality explosion and motion-dynamics modeling; (b) rigor-
ous comparative analysis of how these modifications affect 
computational cost, feature-learning capacity, and end-to-end 
performance across diverse benchmark tasks; and (c) application-
driven insights, spotlighting underexplored deployment 
scenarios—from safety-critical autonomous driving to on-device 
video generation—and identifying performance bottlenecks 
and promising avenues for lightweight, application-oriented, and 
robust model design. By synthesizing these perspectives and focus-
ing on the dual goals of improving performance and enhancing 
feature learning, this survey not only charts the current land-
scape of video transformer research but also illuminates path-
ways toward more efficient, robust, and practically deployable 
spatiotemporal models.   

Transformers
   In 2017, Vaswani et al. introduced the transformer [ 1 ] in the 
NLP field. With its unique architecture and excellent perfor-
mance, the model quickly became the focus of industry atten-
tion. The core architecture of the transformer includes an input 
module, an encoder–decoder module, and an output module. 
Among these, the crucial encoder–decoder module allows the 
model to mine and understand the underlying semantics of the 
text. The encoder involves 2 sub-layers: the multi-head self-
attention (MHSA) layer and the feed-forward neural network 
(FFN) layer. Each integrates with residual connections and layer 
normalization techniques to improve the fluency of informa-
tion transmission and the trainability of the model. The decoder 
uses a similar structure and incorporates masked multi-head 
attention, ensuring the model does not “peep” into future infor-
mation during prediction.  

Positional embedding
   Transformer architecture relies entirely on the self-attention 
mechanism but lacks word position information. Positional 
embedding applies with the commonly used sine and cosine 
functions, given as the following formula:
﻿﻿  

where pos is the absolute position of the word in the sentence, 
﻿i is the index value of this vector, and d is the length of the 
encoding vector (the same as the embedding vector).   

Self-attention
   The attention mechanism is inspired by the way humans pro-
cess external information, involving both autonomous and 
non-autonomous cues. Autonomous cues are guided by prior 
knowledge to direct attention, rather than being triggered by 
the salient features of the object. It is implemented using 3 key 
elements: query ( Q ), key ( K ), and value ( V ), where  Q  represents 
self-prompting, reflecting the information the model wants to 
focus on;  K  represents non-autonomous cues, reflecting the 
salient features of the object; and  V  is the specific feature infor-
mation of the object.

   The self-attention mechanism improves the attention mecha-
nism by ensuring that  Q  and  K  originate from the same source. 
In the self-attention layer, 3 learnable weight matrices are defined: 
﻿W   Q  ,  W   K  , and  W   V  . The input sequence  X  generates the correspond-
ing  Q ,  K ,  V  through the projection of these weight matrices:

﻿﻿  

﻿﻿  

﻿﻿   
   Next, the self-attention calculation is performed using the 

generated ( Q ,  K ,  V ) triples. The similarity score between  Q  and 
﻿K  is first calculated, reflecting the degree of correlation between 
different input elements. These similarity scores are then nor-
malized, typically using the softmax function, ensuring that the 
sum of all scores is 1 and yielding the attention weight. Finally, 
the attention weight is applied on  V  and then summed to obtain 
the scaled dot-product self-attention:

﻿﻿  

where d ﻿K﻿﻿ is the dimension size of the matrix  X .
   The multi-head attention mechanism is an extension of the 

single-head mechanism. The input sequence  X  is divided into 
﻿h groups along the channel dimension (i.e., h heads), with each 
group representing different patterns of attention. The results 
are then concatenated and transformed via a linear transforma-
tion to produce the output. This mechanism enables the model 
to capture a diverse set of features in the input sequence, thereby 
improving its representational ability and generalization per-
formance, summarized as follows:

﻿﻿  

where h represents the number of heads, headi﻿ represents the 
output of the ith head, and  W   O   is the output transformation 
matrix. Each head is given by:

﻿﻿  

where  W   i    Q  ,  W   i    K  , and  W   i    V   are the  Q ,  K , and  V  transformation 
matrices of the ith header.   

Feed-forward neural network
   The FFN consists of 2 linear layers and a rectified linear unit 
(ReLU) nonlinear activation layer. The first linear layer maps 
the input to a high-dimensional space, followed by the ReLU 
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layer, which processes the filtered information. The second 
linear layer converts the data to generate a rich feature repre-
sentation. This structure allows the FFN to effectively extract 
and integrate key information from the input sequence, facili-
tating better understanding and processing of complex data, 
given as:
﻿﻿      

Add and norm
   Layer normalization (LN) is an important regularization tech-
nique that can improve the training efficiency and generaliza-
tion ability of the model. In the transformer, LN before each 
layer reduces differences in data distribution, aids feature learn-
ing, and enhances model robustness. Combined with residual 
connections, LN also improves gradient stability, preventing 
issues like vanishing or exploding gradients.    

Innovations in Image Processing
   ViT [ 4 ], proposed by Dosovitskiy et al., represents a major 
breakthrough in the field of CV through the use of transform-
ers, especially in the task of image classification. ViT primarily 
consists of embedding, encoder, and classification modules. 
Among these, the embedding module is the core innovation for 
image-based tasks. This design enables the model to process 
image data more effectively by reshaping the input 2-dimen-
sional (2D) image data  X  ∈  ℝ  C×H×W  into a flattened image block 
sequence  Xp ∈ ℝ

N×(p2×C)    with length N = HW/p 2, where C 
is the number of channels and p is the size of the image block.

   Building on the success of BERT [ 2 ] in the field of NLP, the 
ViT [ 4 ] drew inspiration from BERT’s architectural innovations 
by introducing a classification token and pre-training strategies. 
Specifically, in ViT, the first token of every input sequence is 
designated as the class token. The final hidden state corre-
sponding to this token is then utilized as the aggregated 
sequence representation for downstream classification tasks. 
The key characteristics and distinctions between the ViT and 
BERT are summarized in Table  1 . 

   The success of ViT lies not only in its compelling demonstra-
tion that standard transformer encoder architectures alone can 
achieve comparable or superior performance to CNNs in CV 

tasks, but also in its role as a bridge between the CV and NLP 
domains. Furthermore, a subsequent study [  13 ] has further 
confirmed that the image transformer possesses stronger 
robustness and shape recognition capabilities, akin to human 
perception, when combined with distillation techniques.   

Innovations in Video Processing
   To fully harness the advantages of transformers in video pro-
cessing, it is crucial to address the high-dimensional data chal-
lenges and the unique issues posed by video tasks when 
transitioning from NLP to image and, subsequently, video 
domains. As such, video transformers require innovations in 
their overall architecture.  

Innovations in the input module
   In video transformers, the input module serves as a critical 
bridge that connects raw data to the model’s thematic structure. 
It not only converts video data into a format suitable for the 
model but also substantially improves its ability to capture and 
understand video information.  

Tokenization and embedding
   The input module first performs tokenization, dividing the 
continuous video stream into discrete tokens. Following tokeni-
zation, embedding extracts key features from each token and 
maps them into a high-dimensional space to enhance the 
model’s understanding. Embedding is commonly implemented 
using linear layers [  14 ,  15 ], a few convolutional layers [  16 –  18 ], 
or a complete CNN [  19 –  22 ]. In specific tasks [  23 ,  24 ], convo-
lutional layers or CNN embedding operations directly achieved 
tokenization, simplifying the process and reducing parameters 
while improving generalization due to convolution’s local per-
ception and weight sharing.

   Video transformers often draw inspiration from ViT [ 4 ] but 
are expanded to accommodate the high-dimensional nature of 
video data. Selva et al. [  11 ] have identified that segmentation strat-
egies can be categorized by the spatiotemporal coverage of tokens, 
ranging from fine-grained to coarse-grained, patch tokenization, 
instance tokenization, frame tokenization, and clip tokenization. 
As detailed in Table  2 , each tokenization method is characterized 
by distinct implementation mechanisms and properties. 

(8)FFN(x)=max
(
0, xW1+b1

)
W2+b2.

Table 1. Comparison of architectures and characteristics between ViT and BERT. In the ViT, an input image is partitioned into fixed-size 
patches (e.g., 16 × 16 pixels), which are then linearly projected into token embeddings. After concatenating 1D positional embeddings to 
these patch tokens, the resulting sequence serves as the input to the model. In contrast, BERT processes sequences of single or paired 
sentences tokenized using WordPiece embeddings. To these token sequences, BERT appends segment embeddings and positional embed-
dings. Segment embeddings distinguish whether a token belongs to sentence A or sentence B.

Model Characteristics

Model name Input structure Attention scope Pre-training tasks Core strengths Application tasks

ViT [4] Token embeddings + 
position embeddings

Global spatial  
attention

Supervised  
classification/ 
self-supervised

﻿ Long-range depen-
dency modeling, multi-
task scalability

Image classifica-
tion, segmentation, 
object detection

BERT [2] Token embeddings + 
segment embeddings +  
position embeddings

Bidirectional  
contextual  
attention

Masked language 
modeling

﻿ Context-sensitivity, 
cross-task  
generalization

Text understanding, 
generation, cross-
modal alignment
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   In patch tokenization strategies, 2 key segmentation details war-
rant attention: the size of patches and whether overlaps exist 
between adjacent patches. Generally, fixed-size segmentation of 
patches is adopted [ 14 , 21 , 25 ], which is simple and efficient, but 
may be limited in complex tasks such as video tracking and video 
super-resolution. To this end, the multi-size tokenization strategy 
emerged. By using methods such as direct segmentation [  26 ,  27 ] or 
convolution of different sizes [ 17 , 18 ,  28 ,  29 ] to dynamically adjust 
patch sizes, enabling more comprehensive capture of video features, 
the segmentation size is dynamically adjusted to capture video fea-
tures more comprehensively. As for the issue of whether adjacent 
patches overlap, non-overlapping segmentation [ 14 , 21 , 25 ,  30 ] is 
simple and straightforward, but it may ignore the boundary infor-
mation. Studies [  31 ] have shown that moderate overlap can retain 
important information. Thus, spatio-temporal pyramid trans-
former (STPT) [ 17 ], multiscale vision transformer (MViT) [  32 ], 
and FuseFormer [  33 ] adopt overlapping segmentation to make 
feature propagation between adjacent patches more effective.   

Positional embedding
   Positional embedding represents positional information by 
assigning a distinct vector to each position in the sequence, 
enabling the model to capture temporal dependencies between 
tokens, which are crucial for understanding context and dynamic 
changes within the sequence.

   Inspired by NLP methodologies, several studies (e.g., Refs. 
[ 24 ,  34 ]) encoded the absolute positions of input tokens as vec-
tors, which are either summed or concatenated with input 
embeddings. While this strategy is intuitive and straightforward, 
its effectiveness in CV tasks remains empirically contested. To 

address this limitation, other studies (e.g., Refs. [  35 ,  36 ]) adopt 
relative positional concepts from image processing, learning 
pairwise relationships, and relative positions between input ele-
ments. These relative positional biases are typically incorporated 
into attention mechanisms as additive terms, critical for model-
ing structural dependencies within sequences.

   Positional embedding can be categorized into pre-computed 
and dynamic types. Pre-computed positional embeddings 
[  20 ,  37 ] are derived and stored beforehand using mathemati-
cal formulas (e.g., sine and cosine functions); these embeddings 
offer high computational efficiency and perform well in resource-
constrained scenarios. However, they lack adaptability to 
variable-length sequences. Dynamic positional embeddings 
[ 17 ,  38 ] are generated on-the-fly during training or inference 
via deep convolutional networks, and they exhibit superior flex-
ibility and adaptability. Despite their higher computational cost 
and reliance on large-scale training data, they excel in handling 
complex, dynamic sequences.    

Innovations in the internal structure
   The internal structure of video transformers primarily involves 2 
key components: the attention mechanism and the FFN. Design 
regarding these components substantially impacts the model’s 
ability to process data and capture complex dynamics. Additionally, 
improvements to these structures can reduce computational cost, 
increase efficiency, and enhance generalization.  

Attention mechanism
   Studies of video transformers [  39 ,  40 ] have designed diverse 
attention mechanisms to address the computational challenges 

Table 2. Comparison of four tokenization methods. When patch tokenization is employed, the model processes single-frame images by 
partitioning them into multiple 2D patches [21,25], which are then sequentially arranged in temporal order to form a frame-level input 
sequence. For entire video sequences, the model may instead segment the input into 3D patches [14,16,17] spanning multiple frames, 
enabling simultaneous capture of spatial and temporal information.

Tokenization Characteristics

Tokenization name Division basis
Implementation 
approach Advantages Disadvantages

Typical application 
scenarios

Patch 2D/3D image 
patches

Direct splitting of raw 
pixels or generation via 
CNN feature maps

﻿ Fine-grained 
spatiotemporal 
modeling, high 
flexibility

High computa-
tional complexity, 
strong redundancy

Action localization, 
medical image 
analysis

Instance Semantic  
instances  
(objects/regions)

Generation of  
instance embeddings 
via region proposal 
networks or hybridized 
with coarse-grained 
tokens

﻿ Reduces redundan-
cy, semantically 
guided

Relies on detection 
models, ignores 
background

Visual question 
answering, action 
recognition

Frame Single-frame 
global features

Encoding each frame 
as a single token

﻿ Efficient temporal 
modeling, low com-
putational cost

Prone to losing 
spatial details, de-
pendent on feature 
extractors

Video summariza-
tion, sentiment 
recognition

Clip Multi-frame clips Extraction of clip-
level features using 
networks

﻿ Long-range depen-
dency modeling, 
extremely low com-
putational cost

Prone to infor-
mation mixing, 
irreversibility

Long-video  
retrieval, global 
video classification

D
ow

nloaded from
 https://spj.science.org on Septem

ber 08, 2025

https://doi.org/10.34133/icomputing.0143


Chen et al. 2025 | https://doi.org/10.34133/icomputing.0143 5

posed by high-dimensional data processing, aiming to reduce 
computational load, optimize performance, and enhance flex-
ibility and efficiency.

   Attention mechanisms can be categorized into local (Fig. 
 1 A), axial (Fig.  1 B), and sparse (Fig.  1 C) attention based on 
attention regions. Local attention models [ 14 , 35 , 36 ] focus on 
local regions of the input sequence to reduce computational 
cost, where "local" refers to a neighborhood around the query 
[ 14 ] or a local window [ 35 , 36 ]. Axial attention models [ 25 , 40 ,  41 ] 
restrict attention operations to specific axes, enabling indepen-
dent processing of spatial or temporal dimensions. Sparse atten-
tion models [ 21 , 24 , 40 ] limit each query to compute only with 
a subset of keys, markedly reducing computational costs.        

   Depending on the order of spatial and temporal feature 
extraction, attention mechanisms in video transformers can be 
classified into 2 types: spatiotemporal sequential attention (Fig. 
 2 A) and spatiotemporal parallel attention (Fig.  2 B). The former 

extracts spatial and temporal features sequentially. Most studies 
[ 23 , 39 ,  42 ,  43 ] processed spatial features first, followed by tempo-
ral features, but others [ 25 ,  44 ] reversed this order. The latter uses 
2 independent attention modules to process spatial and tempo-
ral information separately. The information is then combined 
using methods such as weighted summation [  45 ], concatenation 
[  46 ,  47 ], Hadamard product [ 47 ], or support vector machines 
[  48 ] to form a unified spatiotemporal representation.        

   Furthermore, cross-attention and multi-scale attention have 
gained substantial attention in recent research. Cross-attention 
enables the fusion of features from different sources or modali-
ties, thereby enhancing the model’s ability to analyze complex 
video content. It can fuse multi-modal features [  49 –  51 ] or local 
and global features [  52 ,  53 ] and can integrate query (current 
frame) and memory information [ 37 ,  50 ,  54 ,  55 ]. Multi-scale 
attention captures features at different scales, which is discussed 
in detail in the “Multi-scale information extraction” section.

   It is also worth noting that Liu et al. [ 16 ] and Ragini et al. 
[  56 ] proposed multi-head convolutional self-attention mecha-
nisms, where linear mappings are replaced with convolutional 
mappings. This allows for modeling long-range spatial and 
temporal dependencies in video frame sequences.   

Feed-forward neural network
   The FFN is a crucial component of both encoder and decoder 
in video transformers. Building on the self-attention mecha-
nism, the FFN refines the features and enhances the model’s 
expressive power. Thus, improving the FFN is critical in the 
context of video transformers, as it substantially influences 
model performance.

   Currently, one notable trend is the use of convolution to 
improve the FFN. For instance, Wang et al. [  57 ] proposed a 
convolutional FFN consisting of one convolutional layer and 2 
fully connected layers, along with a Gaussian error linear units 
(GELU) nonlinear activation function. Li et al. [  58 ] replaced 
the fully connected layer with a step volume, while Zeng et al. 
[  59 ] completely substituted the FFN with a 2-layer convolution. 
Additionally, DeTformer [ 56 ] and HiSViT [  60 ] not only used 
convolution but also incorporated a gating mechanism to 
enhance the locality of the FFN. Specifically, FuseFormer [ 33 ] 
introduced soft composition and soft split into the FFN to 
enable one-dimensional linear layers to model 2D structures.    

Local attention

Axial attention

Sparse attention

H-W-T S-T

H-W-T S-T

Local attention

Axial attention

Sparse attention

Regular window Shifted window Shuffled window

H-W-T S-T

H-W-T S-T

A

B

C

Fig. 1. Self-attention based on the scope of operation. (A) Regular window divides 
the input sequence into fixed-size, non-overlapping subsequences. Shifted window 
enables interaction between adjacent windows by shifting the window’s position 
across different layers, while shuffled window randomly or in a specific manner 
shuffles the order or content of the windows to increase the model’s focus on different 
parts of the sequence. In (B) and (C), H–W–T represents attention operations based 
on the height, width, and time length of the video data, while S–T represents attention 
operations based on the spatial and temporal dimensions of the video data.

S-Transformer S-Transformer

S-TransformerT-Transformer

T-Transformer T-Transformer

Fusion

S S S S TT TTTS

H1 heads H2 heads

Transformer

Fusion

Spatiotemporal sequential attention Spatiotemporal parallel attention

A B

Fig. 2. Self-attention mechanism based on the order of operations. (A) Spatiotemporal sequential attention. (B) Spatiotemporal parallel attention. In (A) and (B), S represents 
the spatial dimension, and T represents the temporal dimension.
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Innovations in model frameworks
   The design of the overall model framework plays a critical role 
in enhancing the flexibility and efficiency of video transformers. 
These innovations help models process spatiotemporal infor-
mation, enrich their ability to represent video content, and 
facilitate the effective fusion and generation of cross-modal 
information. The following subsections discuss the recent inno-
vations in model frameworks and their limitations.  

Encoder–decoder architecture
   The encoder–decoder architecture stands as a cornerstone para-
digm in deep learning models, designed to model complex 
mappings by segregating feature encoding from decoding-
generation processes. Its exemplary deployment in transformers 
has enabled these models to exhibit robust modeling capabilities 
in NLP tasks, effectively addressing sequence-to-sequence chal-
lenges. DETR [  61 ] and subsequent works [  62 ] also achieved 
remarkable outcomes in image generation through this archi-
tecture. Furthermore, the encoder–decoder framework has been 
widely adopted in video segmentation [ 20 ,  63 ] and multi-modal 
video tasks [  64 ,  65 ]. Particularly in vision-language tasks, encod-
ers can independently process images and text, while decoders 
achieve semantic alignment through cross-modal attention, 
effectively capturing image-text associations. However, for spe-
cific tasks, transformers may employ encoder-only [ 21 , 32 , 39 , 40 ] 
or decoder-only [  66 ,  67 ] architectures.

   Encoder-only structures are frequently utilized in large lan-
guage models and ViTs. By extracting global or local representa-
tions from input sequences, encoders generate fixed-dimensional 
features suitable for tasks like video classification and action 
recognition, which do not require generating new videos or 
texts. For instance, ViViT [ 39 ] and TimeSformer [ 40 ] leveraged 
encoder-only architectures with diverse spatiotemporal atten-
tion mechanisms to simultaneously capture spatial semantics 
and temporal dynamics, avoiding temporal redundancy intro-
duced by decoders. Similarly, MViT [ 32 ] and STAR++ [ 21 ] 
relied on encoders to progressively fuse multi-scale spatiotem-
poral features, directly serving classification tasks without 
decoder-based feature reconstruction.

   Decoder-only structures are commonly employed in genera-
tive tasks, accommodating outputs of unpredictable lengths 
such as video captioning and frame prediction. GPT [ 3 ] pio-
neered this architecture in NLP. Later, in video processing, to 
circumvent feature transfer issues between encoders and decod-
ers, Kondratyuk et al. [  68 ], Gupta et al. [  69 ], and Miech et al. 
[ 66 ] adopted decoder-only architectures for multimodal genera-
tion tasks. Among these, the former 2 [ 68 , 69 ] integrated mul-
timodal conditions (e.g., text descriptions and reference images) 
through cross-attention mechanisms within their decoders, 
enabling end-to-end generation. Conversely, Miech et al. [ 66 ] 
employed a dual-stream decoder architecture, enhancing cross-
modal matching accuracy via a slow stream while ensuring real-
time performance through a fast stream. Tan et al. [ 67 ] tailored 
DETR [ 61 ] for action proposal generation, utilizing a decoder 
to directly predict action boundaries and categories, eliminat-
ing the need of encoder-generated anchor boxes or candidate 
regions. For few-shot video segmentation, Siam et al. [ 29 ] 
employed a decoder to directly receive features from query and 
support frames, dynamically computing their similarity through 
self-attention mechanisms, obviating encoder preprocessing.

   While decoder-only architectures excel in generative tasks 
with dynamic modeling advantages, they exhibit limitations 

in encoding contextual and positional information flexibly. 
Conversely, encoder-only structures demonstrate superiority 
in feature extraction and long-sequence processing but face 
constraints in generative tasks and scalability.   

Dual-branch architecture
   The Video Mobile-former [ 53 ] exemplified the trend toward 
efficiency-oriented dual-branch designs. Its mobile branch 
employed lightweight convolutional networks to extract local 
spatiotemporal features, while the former branch leveraged 
global self-attention to capture long-range dependencies. This 
architecture integrates lightweight networks with model com-
pression techniques, substantially enhancing computational effi-
ciency and scalability. Consequently, dual-branch transformer 
models are increasingly adopted in real-time video analytics and 
edge computing, where resource constraints demand both speed 
and precision. A core advantage of the dual-branch architecture 
is its ability to decompose tasks across 2 independent pathways. 
This division of labor helps mitigate feature entanglement, 
improves signal disentanglement, and allows for targeted 
resource allocation, making it highly adaptable for uni-modal 
and multi-modal video tasks. Depending on the information 
they process, uni-modal dual-branch architectures typically fall 
into 2 categories: static–dynamic (spatial–temporal) and local−
global dual-branch architectures.

   The static–dynamic dual-branch architecture is designed to 
disentangle static (spatial) and dynamic (temporal) informa-
tion within videos. Inspired by the inherent properties of video 
data, this architecture employs a spatial branch to extract con-
tent from individual frames and a temporal branch to capture 
inter-frame motion dynamics, and thus has been widely applied 
to action segmentation [  70 ] and action recognition [  71 –  73 ]. 
Both Tu et al. [ 48 ] and Zhou et al. [  74 ] applied this approach in 
face forgery detection, where subtle spatial–temporal inconsis-
tencies must be identified. SlowFastFormer [  75 ] applies a fast–
slow branch design in skeleton-based action analysis, where the 
slow branch captures skeletal context and global motion trends 
from low-frame-rate inputs, and the fast branch captures fine-
grained joint dynamics from high-frame-rate sequences. In 
essence, the fast–slow dual-branch architecture constitutes a 
specialized subtype of the static–dynamic dual-branch frame-
work, wherein the fast branch aligns with dynamic information 
(characterized by high-frequency temporal variations) and the 
slow branch corresponds to static information (manifesting low-
frequency spatial stability). Consequently, this architecture can 
be conceptualized as a temporal-domain instantiation of the 
static–dynamic paradigm, explicitly operationalizing the decou-
pling and hierarchical integration of motion-centric and con-
text-aware features through frequency-modulated sampling 
strategies. This architecture effectively isolates static content 
from motion dynamics and is well-suited for tasks that rely on 
subtle temporal changes, e.g., forgery detection and action rec-
ognition. However, rigid separation of spatial and temporal 
processing may fail to model interdependencies effectively. It 
requires careful synchronization and fusion strategies to avoid 
information loss and redundancy during integration.

   The local−global dual-branch architecture is designed to 
capture localized details and global contextual information 
simultaneously in video processing. The local branch focuses 
on fine-grained regions within video frames or clips to extract 
detailed features, while the global branch models the overall 
structural semantics and scene context. These branches typically 
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employ distinct neural network architectures. For example, 
ACTNet [  76 ] utilized a CNN branch to capture local facial 
features from individual frames and a transformer branch to 
model long-term temporal dependencies across frames for 
global context. ViXNet [  77 ] reversed this paradigm: a deep 
CNN generates global spatial features, while a transformer 
branch learns discriminative patterns in localized facial regions. 
Temporal motion and spatial enhanced appearance with 
transformer-based framework (T2MEA) [  78 ] introduced a 
content branch to extract the holistic video structure from a 
global perspective and a fovea branch to acquire localized fine-
grained spatiotemporal features. This architecture balances 
detail sensitivity with holistic understanding, enabling scene-
aware reasoning while preserving local discriminative power. 
However, dual processing can be computationally expensive, 
and fusing local and global features effectively remains a non-
trivial design challenge, especially in long videos. Furthermore, 
it still lacks an effective strategy to keep the balance.

   Furthermore, in video segmentation tasks, models often 
enhance the transformer’s capability to process video data 
through external memory modules. For instance, Liang et al. 
[ 54 ] proposed a dual-branch framework: one branch employs a 
hierarchical transformer to extract high-level semantic features 
from key frames, improving segmentation accuracy, while the 
other branch utilizes a lightweight feature network to capture 
low-level features from non-key frames, enhancing segmentation 
efficiency. A dynamically updated memory matrix is introduced 
to store critical semantic information from historical frames, 
enabling cross-frame consistency. Cheng et al. [ 37 ] designed 
dual-branch memory mechanisms, pixel memory and object 
memory, that interact via bottom-up hierarchical attention. This 
design mitigated the impact of distractors or noise by decoupling 
fine-grained pixel details from object-centric semantics. These 
architectures enhance cross-frame consistency and long-term 
dependency modeling, and reduce redundant computation by 
reusing historical information. However, memory updates and 
maintenance add complexity and latency.

   In multi-modal video tasks, several studies (e.g., Refs. 
[ 42 , 50 ,  79 ]) processed data from different modalities (such as 

visual, audio, and textual) as inputs to separate branches. This 
approach prevents mutual interference among low-level features 
during fusion and enables parallel processing of heterogeneous 
data, thereby improving computational efficiency. After extract-
ing the relevant features, the dual-branch architecture combines 
them through methods such as addition, concatenation, and 
cross-attention [ 53 , 54 , 70 ]. For example, Actor-T [ 34 ] proposed 
2 fusion points: before entering the transformer and after clas-
sifier prediction. It preserves modality-specific cues while allow-
ing flexible fusion strategies, promotes parallel processing, and 
reduces feature-level noise from early fusion. However, late 
fusion may miss early cross-modal interactions that are crucial 
for some tasks. Synchronizing temporal resolution across modal-
ities requires alignment techniques, increasing model complexity 
with separate encoding pipelines.

   Overall, dual-branch architectures represent a powerful 
design paradigm for video transformers, enabling efficient and 
modular modeling of complex video data. However, they are 
not without trade-offs: the design of fusion strategies, manage-
ment of resource overhead, and handling of inter-branch 
dependencies are all critical to their success.   

Multi-scale information extraction
   For tasks involving complex scene analysis and video under-
standing, multi-scale information extraction is essential. It 
allows models to capture features at various levels of granular-
ity, offering a more comprehensive understanding of video 
content. To achieve this, video transformer models often adopt 
strategies to form a feature pyramid structure [  80 ], as shown 
in Fig.  3 . In the input module (Fig.  4 A), several studies (e.g., 
Refs. [ 28 , 29 , 63 , 79 ,  81 ]) divided the input video into representa-
tions at different scales through the backbone or embedding 
network. Specifically, temporal pyramid transformer (TPT) [ 27 ] 
segmented the video into temporal patches of different lengths, 
as shown in Fig.  4 B. In the intermediate module (Fig.  5 ), several 
studies (e.g., Refs. [ 17 , 18 ]) performed down-sampling through 
the patch embedding module, ensuring that each transformer 
layer learns information from different scales, thereby enhanc-
ing multi-scale processing.                        

Predict

Predict

Predict

1 × 1 Conv.

2 × up

Fig. 3. Feature pyramid network (FPN). Reprinted with permission from Ref. [80]. Copyright by the Computer Vision Foundation.
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   Various attention mechanisms have been specifically designed 
to enhance multi-scale feature extraction within transformer-
based video models. These mechanisms aim to effectively capture 
both fine-grained local patterns and broader contextual depen-
dencies across spatial and temporal dimensions. For example, a 
transformer network with a set of constrained self-attention 
operations in pyramid structures (PCSA) [ 19 ] and Video Swin 
[ 36 ] introduced multi-scale window attention, capturing infor-
mation at different scales by adjusting the size of local windows. 
This approach enhances the model’s ability to process hierarchi-
cal spatial information while maintaining computational effi-
ciency through localized attention. A joint spatial-temporal 
transformer network (STTN) [ 26 ] restricted attention to con-
strain spatial dimensions to focus on multi-scale feature learning, 
improving performance in spatially dense scenes, while MViT 
[ 32 ] and subsequent studies [  82 ,  83 ] employed multi-head pool-
ing attention, further enhancing feature diversity and translation 
invariance while reducing computational costs overhead by 
replacing token-heavy self-attention with hierarchically pooled 
representations. MViTv2 [ 82 ] and MeMViT [ 83 ] utilized multi-
scale representations on the encoder side, enabling efficient 
hierarchical abstraction. A meta-learned multiscale memory 
comparator (MMC) [ 29 ] integrated multi-scale attention into 
the decoder, enabling more precise reconstruction and feature 
refinement at multiple resolutions. MED-VT [ 63 ] leveraged 

multi-scale attention throughout the entire encoder–decoder 
pipeline, allowing consistent feature resolution adaptation across 
both encoding and decoding stages, thereby supporting more 
effective representation learning across tasks like segmentation 
or temporal localization.

   However, selecting optimal window sizes or pooling strate-
gies often requires empirical tuning and task-specific adapta-
tion. In models with independently scaled branches (e.g., PCSA 
and MViT), inconsistent feature alignment across scales can 
lead to fusion bottlenecks or degraded accuracy. While these 
approaches effectively address spatial multi-scale modeling, 
they often underexploit temporal scale diversity, limiting per-
formance on fast vs. slow motion dynamics. Furthermore, 
when applied to the decoder (e.g., MMC), multi-scale process-
ing may induce latency and memory overhead, particularly in 
real-time applications.    

Innovations in hybrid models
   Hybrid models offer a balanced technical pathway for various 
video understanding tasks, e.g., by synergizing CNN’s localized 
feature extraction with transformer's global contextual aware-
ness. They typically demonstrate superior computational effi-
ciency, improved generalizability, and multi-task adaptability, 
enabling flexible deployment across heterogeneous scenarios. 
Nevertheless, ongoing research continues to explore transformer 
integrations with other deep learning methodologies. In the fol-
lowing subsections, we systematically analyze the integration 
of transformers with CNNs, U-Nets, and graph neural networks 
(GNNs), highlighting their architectural evolution, technical 
benefits, and inherent limitations.  

CNNs and transformers
   The fusion of CNNs with video transformers has become a cor-
nerstone in video understanding. CNNs excel at extracting local-
ized and hierarchical features, while transformers offer superior 
capabilities in modeling global spatiotemporal dependencies. The 
hybridzation of the two, as highlighted by Djenouri and Belbachir 
[  84 ], has led to a proliferation of architectures [ 53 , 76 ,  85 ] that 
benefit from both computational efficiency and enhanced rep-
resentational richness. Three main architectural paradigms exist: 
(a) CNN-as-backbone: CNNs extract low- and mid-level features 
that are passed to transformer modules for global reasoning 
[ 20 , 23 , 28 , 29 , 81 ,  86 ]; (b) parallel branches: CNN and transformer 

&11

A B

Fig. 4. Multi-scale partitioning of input modules. (A) The model utilizes a backbone 
network to segment video data into multi-scale subsets in terms of height, width, 
and temporal length. (B) The model does not use a backbone network and instead 
directly samples the data, segmenting it into subsets of different temporal lengths.
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Fig. 5. Multi-scale partitioning of intermediate modules. C represents the channel dimension, T represents the time dimension, while H represents height, and W represents width.
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modules operate concurrently to capture complementary 
spatiotemporal features [ 53 , 54 , 76 ]; and (c) encoder–decoder 
hybrids: works like HSTforU [  87 ], Swin-VEC [  88 ], Rangevit [  89 ], 
and Fast-BEV [  90 ] utilize CNNs either for encoding fine-grained 
spatial information or for decoding high-level transformer rep-
resentations. Moreover, a recent work by Ahmadabadi et al. [  91 ] 
applied knowledge distillation techniques to optimize CNN–
transformer hybrids, facilitating efficient knowledge transfer 
from complex models to lightweight variants while enhancing 
operational efficiency.

   However, integration complexity can lead to suboptimal infor-
mation fusion: (a) transformers may overshadow CNN outputs 
in late-fusion setups, leading to underutilization of fine spatial 
cues; (b) inconsistent feature scales between CNN and trans-
former branches can hinder alignment and joint optimization; 
and (c) dual-pipeline systems may increase inference latency and 
memory usage, particularly in real-time systems.   

U-Nets and transformers
   Originally designed for medical image segmentation, U-Nets offer 
strong localization capabilities through encoder–decoder sym-
metry and skip connections. When integrated with transformers, 
the resulting hybrids maintain spatial precision while enhancing 
global context modeling, thereby improving performance in com-
plex video processing tasks. This approach has gained traction in 
medical imaging and anomaly detection tasks. In medical pro-
cessing, TT U-Net [  92 ] employed temporal transformer layers to 
capture dynamic cardiac motion patterns while leveraging U-Net’s 
spatial segmentation capability. This effectively reduces motion 
artifacts in cardiac CT images, enhancing segmentation accuracy 
and reliability. In video anomaly detection, models such as 
TransAnomaly [ 44 ] and CViT [  93 ] combined U-Net with trans-
former models to improve anomaly localization and precision. In 
comparison with TransAnomaly, CViT [ 93 ] extracted richer fea-
tures from RGB frames by stacking convolutional layers and 
transformer modules, demonstrating superior performance in 
appearance anomaly detection. In other fields, SeTHPose [  94 ] 
extracted visual features from hand images, employed a trans-
former to learn contextual relationships for 2D joint estimation, 
and then refined them into 3D poses via a U-Net-based graph 
convolutional network (GCN). Transframer [  95 ] leveraged gen-
erative modeling for arbitrary frame prediction in video sequences, 
while U-Transformer [  96 ] designed a pure transformer model 
with U-Net-inspired architecture, improving action segmentation 
efficiency and precision while reducing model complexity.

   Although this hybrid brings excellent spatial detail preserva-
tion and flexibility across tasks such as segmentation, anomaly 
detection, and prediction, limitations persist in behavioral 
anomaly detection, suggesting future development of real-time 
anomaly activity detection systems for multi-camera complex 
scenarios to enhance model robustness. Berroukham et al. [  97 ] 
proposed leveraging the attention mechanism unique to ViT 
to effectively capture spatial features in video frames for frame-
level anomaly classification, followed by U-Net integration for 
precise anomaly localization. Nevertheless, these models lack 
explicit temporal information modeling modules to improve 
dynamic anomaly detection capabilities.   

GNNs and transformers
   GNNs offer a natural representation for relational structures such 
as skeleton joints or object interactions, making them highly 
suitable for video understanding when fused with transformers. 

The integration aims to unify GNNs’ structural reasoning with 
transformers’ sequential modeling capabilities. For skeleton-
based action recognition, a novel hybrid dual-branch network 
(HDBN) [  72 ] innovatively integrated both transformer and 
GCNs to model 2D and 3D skeletal data, respectively. Compared 
to conventional single-backbone architectures, HDBN substan-
tially enhanced robustness for action recognition, improved dis-
criminative capability for complex actions, and maintained stable 
performance under challenging scenarios such as occlusions. For 
sign language and gesture recognition, Tunga et al. [  98 ] proposed 
combining GCNs with BERT [ 2 ], utilizing the former for spatial 
modeling and the latter for temporal modeling. However, in 
terms of spatiotemporal feature fusion, the study still has room 
for further optimization. The relation-enhanced spatial–temporal 
hierarchical transformer (RESTHT) [  99 ] integrated transform-
ers with GCNs for spatial modeling while relying solely on 
 transformers for temporal modeling, capturing key video infor-
mation from multiple dimensions. Other advanced applications, 
for example, TransMOT [  100 ], employed graph-structured rep-
resentations to model video objects and their motion trajectories, 
using graph attention mechanisms to capture dynamic interac-
tions between objects. ViGAT [  101 ] applied graph attention net-
works (GANs) to video event recognition and explanation, 
achieving comprehensive coverage from low-level features to 
high-level interpretation. This framework demonstrates superior 
event recognition performance while providing complete expla-
nations for classifier decisions. However, compared to efficient 
top-down approaches, ViGAT incurs substantially higher com-
putational costs in terms of memory consumption and inference 
time due to imperfections in its object detector.     

Applications of Transformers in Video
   As illustrated in Fig.  6 , video understanding tasks can be catego-
rized into video level, frame level, and pixel level based on their 
granularity of reasoning. The transformer architecture has dem-
onstrated remarkable advancements across video tasks at all 
granularity levels. This section focuses on video classification and 
action recognition, object detection and tracking, and video object 
and semantic segmentation, introducing the state-of-the-art tech-
niques in these domains. Additionally, we emphasize the latest 
developments in emerging research areas such as autonomous 
driving, deepfake detection, and video generation, while analyzing 
their technical innovations and practical implications.          

Video action recognition and classification
   The application of transformers to video action recognition and 
classification builds upon foundational architectures originally 

Video Level Frame Level Pixel Level

Video 
classification

Action 
recognition

Abnormal frame
detection

Object detection
(bounding box)

Video 
segmentation

Coarse Fine

Video level Frame level Pixel level

Video 
classification

Action 
recognition

Abnormal frame
detection

Object detection
(bounding box)

Video 
segmentation

Coarse Fine

Fig. 6. Video understanding tasks. Video-level inference focuses on global semantic 
comprehension of the entire video sequence. Frame-level inference involves 
independent analysis of individual frames, treating each as a discrete unit for localized 
interpretation. Pixel-level inference addresses fine-grained spatial parsing, comprising 
2 hierarchical sub-levels: bounding-box-level detection for region-of-interest 
localization and per-pixel-level segmentation for dense semantic annotation.
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developed for image tasks. Early adaptations, such as TimeSformer 
[ 40 ], ViViT [ 39 ], and MViT [ 32 ], extended the self-attention 
mechanism to capture spatiotemporal dynamics, thus aligning 
with the unique requirements of video data. Later models, includ-
ing Video Swin [ 36 ] and follow-ups [  102 ], introduced window-
based attention schemes derived from the Swin Transformer 
[  103 ], enhancing computational efficiency and scalability.

   For video classification, TimeSformer [ 40 ] adopted a pure 
attention mechanism with a "divided attention" strategy, apply-
ing temporal and spatial attention separately. It achieved 82.2% 
and 80.7% top 1 accuracy on Kinetics-400 and Kinetics-600 
[  104 ], respectively, demonstrating the effectiveness of decou-
pled spatiotemporal attention. However, it lacks hierarchical 
feature learning, limiting its representation of complex spatio-
temporal patterns, and thus may lead to less efficiency on long 
video sequences or fine-grained actions. ViViT [ 39 ] introduced 
efficient model variants to handle long video sequences by fac-
torizing input dimensions and leveraging pretrained image 
models, enabling effective application on smaller datasets. 
Although it demonstrates superior performance over conven-
tional 3D CNNs, achieving 80.0% top 1 accuracy on Kinetics-400 
[ 104 ], it still suffers from high computational overhead and 
heavy dependence on pre-trained image models. To address 
this, the improved k-ViViT [ 14 ] replaced the original dense 
self-attention with k-NN attention, optimizing the training pro-
cess by ignoring irrelevant or noisy tokens. However, heavy 
reliance on pretrained 2D image models may reduce training 
flexibility. MViT [ 32 ] pioneered the integration of multi-scale 
feature hierarchies with transformers, constructing a multi-scale 
feature pyramid. MViT-B achieved 81.2% video classification 
accuracy on Kinetics-400 [ 104 ], enabling synergistic perception 
of fine-grained local features and global semantics. Subsequently, 
MViTv2 [ 82 ] enhanced the model’s ability to model translation 
invariance in visual content by introducing decomposed rela-
tive positional embeddings and residual pooling connections, 
improving feature propagation and mitigating information loss 
in deep networks. MeMViT [ 83 ] further proposed processing 
videos in an online fashion while caching “memory” at each 
iteration, allowing the model to reference prior context for 
long-term modeling with only marginal computational over-
head. However, increased architectural complexity may lead to 
optimization challenges and multi-scale fusion may introduce 
redundancy or inconsistencies between resolution levels.

   In the application of action recognition, 3D human pose 
estimation, particularly from monocular or multi-view video, 
represents a challenging subdomain (Table  3 ). For monocular 
videos, SlowFastFormer [ 75 ] introduced parallel encoding 
modules to extract temporal–contextual features from both slow 
and fast branches. To address performance degradation caused 
by error accumulation in diffusion processes, HSTDenoiser [ 43 ] 
integrated hierarchical spatiotemporal denoising modules, 
forming a disentangled diffusion-based 3D human pose esti-
mation framework. The reverse diffusion process is enhanced 
by reinforcing attention weights between adjacent joints, lead-
ing to a marked reduction in prediction errors for key joints 
such as the pelvis. Meanwhile, HDFormer [  105 ] incorporated 
GCNs into a transformer-based framework, leveraging multi-
head graph attention to capture cross-hierarchy anatomical 
semantics while balancing performance and efficiency. However, 
performance declines with long-sequence inputs, likely due to 
limited model scale and ineffective handling of temporal redun-
dancy and noise in dense sequences. For multi-view videos, 
FusionFormer [  106 ] tackled depth uncertainty by first encoding 
2D pose estimates into pose features, then using a transformer 
encoder to jointly aggregate multi-view and multi-frame fea-
tures into a unified global representation. 

   Transformer-based models have shown promising advances, 
but notable limitations persist. As is widely recognized, deep 
learning techniques require substantial amounts of data to 
achieve optimal performance. However, the scarcity of real-
world 3D data often leads to poor generalization in models 
trained on such datasets, presenting substantial challenges for 
3D human pose estimation. In particular, for monocular vid-
eos, current approaches primarily focus on frame-level feature 
correlations while frequently neglecting inter-frame node rela-
tionships, making effective spatiotemporal information integra-
tion remain challenging. Furthermore, existing methods often 
exhibit reduced robustness when the target subject undergoes 
substantial scale variations (either shrinking or enlarging) or 
exhibits extreme motion speeds (either too fast or too slow). 
In multi-view approaches for 3D human pose estimation, effec-
tive fusion of multi-view and multi-frame features is essential 
for efficient information aggregation. However, interactions 
among multiple subjects further complicate the fusion process, 
rendering real-time multi-person 3D pose estimation particu-
larly challenging. Additionally, the use of multiple cameras for 

Table 3. Video transformers for action recognition using 3D human pose estimation. Human 3.6M is widely used in the 3D human pose 
estimation task. It contains 3.6 million 3D human poses and corresponding images with 11 professional actors and collected in 17 scenarios.

Model Performance

Model name Encoder-Decoder Backbone Architecture Dataset Evaluation metric Value (%)

SlowFastFormer (T = 243) 
[75]

E – Dual-branch ﻿ Human 3.6M MPJPE 42.6

﻿ Human 3.6M P-MPJPE 34.2

HSTDenoiser (T = 243) [43] – – – ﻿ Human 3.6M MPJPE 39.0

HDformer (T = 96) [105] – – – ﻿ Human 3.6M MPJPE 42.6

﻿ Human 3.6M P-MPJPE 33.1

FusionFormer (T = 27) [106] E–D – – ﻿ Human 3.6M MPJPE 7.9

T, the number of input frames; MPJPE, the mean per joint position error; P-MPJPE, procrustes mean per joint position error
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data acquisition introduces system complexity through require-
ments for camera synchronization and calibration, consequently 
increasing the computational overhead [  107 ].   

Video object detection and tracking
   Video transformers have brought substantial improvements to 
object detection and tracking by leveraging self-attention mecha-
nisms and global context modeling. They excel at identifying and 
localizing objects under challenging conditions, such as occlusions, 
deformations, and complex motion. However, despite their accu-
racy gains, they face practical challenges in real-time deployment, 
small object recognition, and adverse environmental conditions.

   Building upon Sparse R-CNN [  108 ], SparseVOD [  109 ] adds 
a temporal feature extractor and an attention-guided semantic 
proposal module to enhance spatiotemporal object detection. 
Using ResNet50 backbone, it achieved 80.3% mean average preci-
sion (mAP) on the ImageNet VID [  110 ] dataset. However, it had 
limited performance on fast-moving or small objects due to 
coarse feature granularity. TransVOD [ 23 ] was proposed as an 
end-to-end model that simplifies video object detection by 
employing a temporal transformer to aggregate single-frame spa-
tial object queries and feature memory. This approach attained 
90% mAP on ImageNet VID [ 110 ], setting a new benchmark for 
the task. For small object detection, both PSCA [ 19 ] and STPT 
[ 17 ] employed feature pyramid structures to detect targets at 
varying scales and velocities. FAQ [  111 ] designed a fundamen-
tal query aggregation module and extends it into a dynamic 
version. When integrated with state-of-the-art transformer-
based object detectors, this module achieves over 2.4% mAP 
improvement on the ImageNet VID [ 110 ] benchmark. However, 
these models are susceptible to temporal noise when object 
appearance changes drastically, and aggregation may blur dis-
tinctions between similar objects.

   Furthermore, due to the temporal dimension inherent in 
videos, practical applications require not only object detection 
but also continuous tracking. In practical applications, video 
object detection is critical for the safety of autonomous vehicles, 

ensuring precise identification of vehicles and obstacles. To 
address this, TransTrack [ 86 ] was proposed as a concise yet 
efficient multi-object tracking solution. It innovatively employed 
an attention-based query-key mechanism, achieving unified 
detection and tracking through dual-path queries. On MOT17 
[  112 ], it attained 74.5% multiple object tracking accuracy 
(MOTA). However, it struggles with re-identification after long 
occlusion gaps. Similarly, TrackFormer [  113 ] was developed by 
integrating DETR [ 61 ], establishing an encoder–decoder-based 
end-to-end trainable framework. This approach utilized track 
queries to enable seamless transition from detection to tracking 
tasks. However, it requires large-scale training data for robust 
tracking across scenarios and real-time performance is limited 
by attention computation over long sequences.

   To address the scarcity of annotated vehicle datasets and 
overcome the limitations of existing techniques in adapting 
to unstructured traffic environments, STVD [  114 ] proposed a 
Swin Transformer-based [ 103 ] vehicle detection framework. By 
enabling global information interaction both within and between 
image patches, it generates hierarchical feature maps, effectively 
alleviating multi-scale feature extraction challenges. Chen et al. 
[  115 ] achieved dynamic feature alignment for LiDAR–camera 
fusion using transformers. However, there remains considerable  
room for optimization in terms of runtime performance. Existing 
bird’s-eye view (BEV)-based perception systems for autonomous 
driving either demand substantial computational resources or 
exhibit modest performance. To resolve these issues, Fast-BEV 
[ 90 ] adopted lightweight view transformation, multi-scale image 
encoding, and an efficient BEV encoder. Accurate perception and 
decision-making in autonomous driving systems rely heavily on 
long-range detection of small traffic signs. Thus, TSD-DETR [ 81 ] 
incorporated a dedicated shallow-feature detection head to pre-
serve and enhance fine-grained details of small objects through 
high-resolution feature maps. However, the model’s generalization 
capability requires further improvement. In practical applications, 
enhanced robustness is needed to enable earlier decision-making 
for autonomous driving under nighttime and adverse weather 
conditions, thereby effectively reducing accident rates (Table  4 ). 

Table 4. Video transformers-based object detection for autonomous driving and deepfake detection

Model Performance

Model name Encoder–Decoder Backbone Architecture Dataset Evaluation metric Value (%)

STVD [114] – – – ﻿ KITTI mAP 88.45

Fast-BEV [90] E ResNet50 Multi-scale ﻿ NuScenes mAP 33.4

ResNet101 Multi-scale ﻿ NuScenes mAP 40.2

TSD-DETR [81] – – Multi-scale ﻿ TT-100K mAP 96.8

DF-TransFusion [49] E – – ﻿ DFDC/FakeAVCeleb/ 
DF-TIMIT

AUC 97.9/74.8/100

AVTENet [42] E ViViT Dual-branch ﻿ FakeAVCeleb 
Testset-II

Acc 99

HCiT [85] E Xception – ﻿ DeepFake/ 
FaceSwap/ 
Face2Face

Acc 96.0/97.82/95.85

Swin-Fake [15] E Swin – ﻿ DFDC Acc 93.7

mAP, mean average precision; AUC, area under the curve; Acc, accuracy
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   Additionally, deepfake has recently emerged as a new tech-
nology impacting cybersecurity, making transformer-based 
deepfake video detection models a trending research focus. 
DF-TransFusion [ 49 ] is a multimodal deepfake detection frame-
work that integrates lip-audio cross-attention with facial self-
attention mechanisms. This architecture achieves state-of-the-art 
performance on multimodal deepfake detection datasets, out-
performing 11 existing detection methods. However, several 
failure cases persist, particularly when speakers’ lip and facial 
regions deviate from camera alignment or experience occlu-
sion. AVTENet [ 42 ] simultaneously considered acoustic–visual 
tampering. Future research directions can include integrating 
advanced self-supervised learning models to further enhance 
detection performance. In terms of foundational transformer 
architectures, Ramadhani et al. [  116 ] utilized ViViT [ 39 ], HCiT 
[ 85 ] employed ViT [ 4 ], and Swin-Fake [ 15 ] integrated the Swin 
Transformer [ 103 ]. The proposed Swin-Fake [ 15 ] innovatively 
employed the Swin Transformer [ 103 ] as the feature extractor 
and utilizes average cosine distance as the consistency loss met-
ric, demonstrating superior generalization capability across 
multiple deepfake detection benchmarks. However, limitations 
remain in temporal feature extraction and utilization. Future 
improvements should focus on temporal modeling and spatio-
temporal fusion (Table  4 ).

   Despite the widespread applications of object detection tech-
nology, maintaining stable recognition performance under vary-
ing lighting conditions, occlusions, viewpoint changes, and object 
scale variations [ 17 , 19 , 49 , 111 ] remains a formidable challenge. 
Meanwhile, the stringent requirements of real-time detection 
impose demanding computational efficiency standards, which 
are critical for applications requiring instant decision-making 
[  117 ]. Furthermore, in autonomous driving scenarios, models 
typically require adaptation to high-performance computing 
chips and GPU platforms for deployment. However, the contin-
ued widespread use of low-computing-power chips leads to 
degraded model performance in practical applications [ 90 ].   

Video object and semantic segmentation
   Object-based video segmentation is an essential task in CV, 
enabling fine-grained scene understanding by assigning pixel-
level labels across frames. While transformers have markedly 
advanced the field by modeling long-range dependencies and 
temporal consistency, challenges remain, particularly in com-
putational efficiency, occlusion handling, and generalization 
across conditions.

  Temporal context enhanced referring video object segmen-
tation network ( TCE-RVOS) [ 50 ] proposed a frame label fusion 
encoder and instance query decoder, maximizing the potential 
information gain of the video relative to a single image. It uti-
lizes the joint visual-textual encoding to improve instance-level 
distinction and is thus suitable for weakly supervised video 
segmentation. However, aggregation between video and text 
can be inconsistent under real-world conditions. Sstvos [ 24 ] 
introduced a sparse attention mechanism to enhance pro-
cessing efficiency in long video sequences, while TransVOS [ 20 ] 
designed a unified dual-path transformer-based feature extrac-
tor, simplifying the dual-encoder pipeline. Both models achieved 
competitive performance on the YouTube-VOS [  118 ] and DAVIS 
[  119 ] benchmarks. They maintain competitive segmentation 
performance on long videos and greatly reduce computational 
overhead. Such lightweight architecture is suitable for deploy-
ment on resource-limited devices. However, sparse attention may 
lead to incomplete object representation in scenes with complex 
interactions and reduced flexibility in handling notable domain 
variation across video inputs. In recent advancements (Table  5 ), 
the fully transformer-equipped architecture (FTEA) [ 79 ] formu-
lated referring video object segmentation as mask sequence 
learning in a pure transformer-based end-to-end framework, 
while DCT [ 51 ] designed a language-guided visual enhancement 
module for the reference video object segmentation task and 
adopted a cross-layer feature pyramid network as the spatial 
decoder to better utilize multimodal and multiscale information 
to generate high-quality object boundaries. However, they are 

Table 5. Video transformers for video object and semantic segmentation

Model Performance

Model name Encoder–Decoder Backbone Architecture Dataset Evaluation metric Value (%)

Cutie [37] E-D ResNet Dual-branch ﻿ DAVIS-17 test ℐ & ℱ/ℐ/ℱ 85.3/81.4/89.3

E-D ResNet Dual-branch ﻿ YouTube-
VOS-2019 val

ℐs/ℱs/ℐu/ℱu 85.4/90.0/81.3/89.3

TCE-RVOS [50] E-D ResNet Dual-branch ﻿ YouTube-VOS ℐ & ℱ/ℐ/ℱ 60.8/59.4/62.2

E-D Video Swin Dual-branch ﻿ YouTube-VOS ℐ & ℱ/ℐ/ℱ 61.3/59.8/62.7

DCT [51] E-D Video Swin-T – ﻿ Ref-YouTube-VOS ℐ & ℱ/ℐ/ℱ 56.6/55.4/57.8

MAVOS [55] E-D ResNet – ﻿ LVOS ℐ & ℱ/ℐ/ℱ 63.6/57.6/69.0

E-D Swin-B – ﻿ LVOS ℐ & ℱ/ℐ/ℱ 64.8/58.7/70.9

FIEA [79] E-D Swin-T Dual-branch/
Multi-scale

﻿ Ref-YouTube-VOS 
val

ℐ & ℱ/ℐ/ℱ 56.5/55.0/58.0

RangeViT E-D ViT – ﻿ NuScenes mIoU 75.21

TPVFormer – – – ﻿ NuScenes mIoU 69.4

ℐ, Jaccard index; ℱ, contour accuracy; ℐ & ℱ: the average of ℐ and ℱ; s and u, the calculation of ℐ and ℱ for the “seen” and “unseen” categories in the 
YouTube-VOS dataset, respectively; mIoU, mean intersection over union; E-D, the encoder–decoder architecture
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extremely resource-intensive during training and inference, 
which hinders its widespread adoption. They are susceptible to 
tracking drift in long-term sequences and show poor temporal 
coherence due to the lack of a memory mechanism to store the 
historical features of the referenced objects, resulting in insuf-
ficient utilization of temporal information. Furthermore, Cutie 
[ 37 ] reintegrated object-level reasoning into the segmentation 
pipeline by combining foreground–background mask atten-
tion mechanisms, while MAVOS [ 55 ] introduced an optimized 
and dynamic long-term modulation cross-attention to model 
temporal smoothness. They enhance reasoning about object 
boundaries and foreground continuity and are thus robust in 
structured environments, showing excellent segmentation per-
formance in many cases. However, they struggle with close-
range movement of visually similar objects or sudden occlusion 
or target disappearance in mutual occlusion or fast motion 
scenarios. 

   Video semantic segmentation extends object segmentation 
by assigning class labels to every pixel and enabling vehicles 
to understand and interact with their visual environment, 
making it particularly critical for autonomous driving and 
robotic perception. RangeViT [ 89 ] adapted pre-trained ViTs 
for LiDAR-based 3D semantic segmentation through custom-
ized tokenization and preprocessing pipelines for ViT encod-
ers, coupled with an efficient convolutional decoder. It handled 
3D point clouds effectively and leveraged pre-trained image 
models for better generalization. However, it struggles with 
sparsely populated or occluded LiDAR returns and requires 
complex preprocessing and tuning for different sensor setups. 
TPVFormer [  120 ] projected image features into an enhanced 
3D space via its encoder architecture, effectively aggregating 
multi-plane features for comprehensive 3D scene understand-
ing. Thus, it performed well in the extended tasks of semantic 
segmentation and semantic possession prediction, success-
fully capturing the positions and sizes of near and far objects 
with high precision. However, it still exhibits invalid predic-
tions, including failure to distinguish closely adjacent pedes-
trians and distant pedestrian misprojection as strip-shaped 
artifacts (Table  5 ).

   Despite promising results, both video object and semantic 
segmentation approaches face shared limitations. Illumination 
and weather variations, as well as object size and occlusion factors, 
can also affect segmentation accuracy. For example, while Cutie 
[ 37 ] demonstrates superior robustness compared to other state-
of-the-art methods, it tends to fail under 2 challenging scenarios: 
close-range movement of highly similar objects and mutual 
occlusion cases. Similarly, FIEA [ 79 ] shows limitations in com-
plete contour prediction (e.g., appearance similarity between 
target and background, poor illumination, and object overlap). 
Moreover, high computational demands required for processing 
high-detail images further hinder real-time applications [ 117 ].   

Video generation
   Video generation refers to the automatic creation of continuous, 
realistic, and temporally coherent video content using AI tech-
nologies. Recent breakthroughs—particularly the fusion of 
transformer architecture and diffusion models—have substan-
tially pushed the boundaries of this field, enabling the develop-
ment of tools for “one-click video creation” that reduce the 
creative and technical barrier for users. Despite these advances, 
the field still faces notable challenges in realism, temporal con-
sistency, multi-modal control, and computational scalability.

   Inspired by the success of diffusion models in image genera-
tion [  121 ], transformer-based video generation models have 
quickly integrated with diffusion techniques. VDT [  122 ] pio-
neered this integration, leveraging the inherent sequence model-
ing capability of transformers to seamlessly extend to video 
prediction tasks through a straightforward token concatenation 
strategy. To effectively model the substantial number of tokens 
extracted from videos, Latte [  123 ] introduced 4 efficient variants 
by decomposing the spatial and temporal dimensions of input 
videos. Through systematic experimentation, including video 
clip patch embedding, temporal positional embedding, and 
learning strategies, it achieved state-of-the-art video generation 
quality. While considerable progress has been made in human 
motion video generation, existing methods still struggle to accu-
rately render detail-rich body parts such as hands and facial 
features, particularly in long sequences and complex motions. 
To address this, HumanDiT [  124 ] proposed a pose-guided dif-
fusion transformer that supports multiple video resolutions and 
variable sequence lengths, facilitating long-sequence video gen-
eration learning. However, it is susceptible to temporal artifacts 
or motion jitter in high-speed movements.

   Despite rapid progress, current transformer-based video 
generation models face several persistent limitations: detail 
preservation and temporal coherence. Even advanced models 
like HumanDiT [ 124 ] struggle with rendering fine-grained 
details, particularly in high-motion regions such as limbs, facial 
features, and clothing dynamics. Most models are constrained 
in sequence length, with quality often degrading in long videos 
due to accumulation of temporal drift or frame incoherence. 
More critically, the rapid advancement and widespread applica-
tion of video generation technologies have raised increasingly 
stringent demands for video security, which should become a 
key focus area for subsequent research.    

Future Technologies and Prospects

   Video transformers excel in spatiotemporal modeling and fea-
ture extraction for video processing, but face challenges like 
high computational complexity, substantial data dependence, 
and sensitivity to hyperparameter tuning. To address these 
limitations and inspire the next generation of models, this sec-
tion outlines several forward-looking research directions, each 
grounded in emerging trends and recent theoretical and empir-
ical findings.  

Improving efficiency of transformer architectures
   A central concern in transformer design is architectural redun-
dancy. Future work should ask whether all transformer layers 
contribute to performance or if some can be streamlined. Two 
approaches to investigate this are “freezing” and “skipping”:

   Freezing layers: One technique involves selectively freezing 
layers during training. For example, when our experiment froze 
the FFN layers in ViViT [ 39 ] on the DVS dataset [  125 ], the 
accuracy dropped only marginally (from 94.31% to 93.97%) 
while saving 14.29% of computation time per epoch. This sug-
gests that static substructures in deep networks can retain rep-
resentational power while reducing computational overhead.

   Skipping layers: Skip-based architectures [  126 ] create direct 
connections between non-adjacent layers, effectively skipping 
intermediate layers between them. This increases model flexibility 
and reduces redundancy without a substantial drop in perfor-
mance. Such dynamic skipping strategies may inspire new families 
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of lightweight and flexible video transformers with more compu-
tational efficiency for real-time applications and edge devices.

   Thus, by incorporating freezing or skipping techniques, 
future models can become more computationally efficient while 
maintaining high accuracy, making video processing tasks 
more feasible on resource-constrained systems.   

Hybrid models
   Hybrid models offer a promising avenue for combining the 
strengths of multiple paradigms. While transformers provide 
powerful global modeling, combining them with domain-specific 
architectures may yield more adaptable and efficient systems.

   Reservoir computing and transformers [  127 ]: Reservoir 
computing offers fast training and inherent temporal dynamics, 
making it suitable for tasks like streaming video analysis. When 
integrated with the representational depth of Transformers, 
these hybrid models could reduce training costs and improve 
robustness in low-data regimes.

   Wavelet transforms and transformers [  128 ]: Wavelet decom-
position enhances temporal frequency analysis, helping to capture 
both fine and coarse features. Its integration with transformers 
could improve multi-scale representation for tasks such as video 
synthesis or fine-grained action recognition.

   You only look once (YOLO) and transformers [  129 ]: YOLO 
excels in fast object detection. Merging its real-time capabilities 
with transformer’s global contextual understanding creates a 
powerful architecture for high-speed video understanding, espe-
cially in real-time video processing applications. However, 
balancing computational performance and transfer learning 
capabilities remains a challenge for such hybrid models, neces-
sitating deeper exploration of optimization techniques.

   Despite their potential, hybrid models often struggle with 
modular compatibility, increased model complexity, and domain-
specific transferability—challenges that must be addressed to 
ensure practical deployment.   

Multi-modal data integration and adaptive models
   As real-world video understanding tasks increasingly involve 
multi-modal inputs (e.g., vision, sound, and language), future 
video transformers should evolve to handle heterogeneous data 
efficiently. Recent works [ 42 , 49 , 79 ] demonstrate how multi-
modal transformers can process synchronized audiovisual 
signals for tasks like lip-reading or deepfake detection. Future 
models should extend this capability by adapting inference 
strategies dynamically based on input modality or context to 
handle a broader range of applications, from video understand-
ing to complex decision-making tasks.

   Adaptive computation time: Dynamically halting processing 
when sufficient confidence is reached to save computation.

   Context-aware modules: Adjusting attention mechanisms 
or embedding strategies based on modality or environment.

   Moreover, incorporating reinforcement learning and online 
learning [  130 ,  131 ] could enable transformers to operate effec-
tively in real time, continuously evolving settings, such as auton-
omous driving or surveillance.   

Brain-inspired models: Neural dynamics  
and memory
   A novel and promising direction lies in drawing inspiration 
from cognitive neuroscience, particularly mechanisms in the 
entorhinal–hippocampal system that govern memory forma-
tion, retrieval, and spatial navigation in the brain.

   Brain-inspired video transformers could emulate core neu-
ral processes including the following:

   Dynamic information encoding: Mimicking grid and place 
cell functionality to spatially encode visual content over time.

   Temporal context modeling: Using recurrent neural dynam-
ics and the corresponding high-dimensional manifolds of neural 
dynamics to simulate working memory and temporal trace 
formation.

   Memory retrieval and updating: Inspired by hippocampal 
replay and attention gating, enabling selective memory retrieval 
and real-time adaptation.

   For instance, the integration of spiking neural networks or 
continuous attractor dynamics with transformer layers could 
lead to neuromorphic video models capable of lifelong learning, 
few-shot generalization, and interpretability. Such models may 
reduce dependence on large-scale data by leveraging more 
structured internal dynamics, akin to how the brain processes 
sequences efficiently and robustly.

   While still largely theoretical, this direction represents a 
critical interface between computational neuroscience and AI, 
with transformative implications for video processing.    

Conclusions
   Video transformers have proven to be powerful tools for video 
processing, capable of handling multi-dimensional features in 
parallel and capturing the temporal and spatial dependencies 
inherent in video data. Their flexibility, adjustability, and uni-
versal applicability make them ideal for a wide range of video-
based tasks, and their ability to integrate with other models 
enhances their robustness.

   This paper has reviewed the current state of research on trans-
former models in video processing, covering input modules, archi-
tectures, hybrid models, and recent applications. However, the 
understanding of the internal mechanisms of video transformers 
remains limited, and their complexity often leads to poor interpret-
ability, which hinders their use in certain applications. Therefore, 
future research should aim to deepen the understanding of these 
models’ internal workings, which will help improve their perfor-
mance and broaden their applicability in real-world scenarios.   
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