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Abstract 

The attention mechanism is a fundamental component widely used in deep learning models across numerous domains and tasks. It 

enables models to selectively focus on the most relevant parts of the input, rather than processing all elements equally, by assigning 

weights according to their importance for the task. This paper presents a comprehensive overview of the attention mechanism, 

outlining its general framework and offering a taxonomy of attention models, including Hierarchical, Bidirectional, Multi-Head, 

Multi-query, Group-query, Graph, Channel, Spatial, Channel-Spatial, Temporal, Spatial-Temporal, Cross, Axial and Flash Attention. 

The computational trade-offs of these models are also analyzed, and new developments in efficient attention are highlighted. We 

also discuss the Transformer architecture, one of the most influential deep learning frameworks that makes effective use of attention 

mechanism and review its major variants including BERT, GPT, Transformer XL, XLNet, BART, Fast Transformer, T5, Longformer, 

BIGBIRD, Performer, Linformer, Reformer, RoFormer, ALiBi, Switch Transformer, LLaMA, ViT, DETR, DeepViT, DeiT, T2T 

ViT, CrossViT, PVT, Swin Transformer, TNT, MViT, ViViT, DAT, and Spiking Transformer. Additionally, we provide a 

comparative overview of these models, highlighting their key ideas, results, advantages, and limitations. Through this survey, we 

emphasized the pivotal role of attention-based models, especially those built on the Transformer architecture, in shaping diverse 

application domains such as natural language processing, computer vision, recommender systems, and sensor data analysis. 
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1. Introduction 

With advancements in hardware processing capabilities and the evolution of deep learning techniques, artificial intelligence (AI) 

is undergoing a significant transformation, enhancing performance across various domains such as image recognition, machine 

translation, language modeling, and time series forecasting [1]. Deep Learning (DL) refers to the method of acquiring hierarchical 

data representations through neural network architectures composed of multiple hidden layers, contributing to the network’s overall 

depth [2, 3]. Among the most widely adopted DL models are Convolutional Neural Networks (CNNs) and Recurrent Neural 

Networks (RNNs), both of which have demonstrated considerable success in modeling, analyzing, and predicting complex systems 

[4]. RNNs are especially adept at handling sequential data due to their ability to account for the temporal order of inputs [5]. 

Nevertheless, traditional deep learning models are not inherently capable of sequential reasoning, a cognitive process that relies on 

perception guided by attention. In the human brain, attention mechanisms facilitate reasoning by enabling focus on specific parts of 

the input or memory (such as images or text), while de-emphasizing others [6]. 

Attention is a concept that has been the focus of extensive public discourse and rigorous academic research. It carries various 

definitions across different disciplines such as psychology, neuroscience, and more recently, machine learning [7]. Attention is 

inherently connected to the human cognitive system. Cognitive science suggests that the optic nerve delivers an overwhelming 

amount of sensory data, more than the brain can fully process. Therefore, the brain evaluates this input and selectively focuses on 

only the most relevant information [8]. This mechanism significantly enhances both the speed and precision of sensory data 

interpretation. A fundamental property of attention is its vital role in optimizing information processing, both in the brain and, more 
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recently, in artificial systems. The capability to dynamically redirect and modulate information flow offers significant advantages in 

making a system more adaptive [9]. 

The concept of replicating human attention was first explored in the domain of computer vision [10-14]. Drawing from the visual 

attention mechanism, researchers have aimed to develop models that simulate human visual attention, allowing them to predict how 

people allocate their focus across images and videos, and extend this understanding to various applications [15]. One such system, 

inspired by the foveal structure of the human retina, was designed for image classification [10]. It integrates a restricted Boltzmann 

machine (RBM) with a specialized attentional module known as the fixation controller. Another study introduced a novel visual 

attention framework in [12], which is implemented as a recurrent neural network that processes input via a glimpse window, and 

utilizes its internal state to determine subsequent focal points and produce control signals in changing environments. Moreover, a 

probabilistic graphical model for learning generative models through attention was proposed by [14]. By excluding irrelevant 

background elements, the generative model is able to dedicate its capacity to the primary object of focus.  

Although the original development of attention mechanisms began in computer vision, the modern recognition of attention's 

impact is often attributed to the field of natural language processing, largely due to four influential studies [16].  

The first of these was presented by Bahdanau et al. [17], who introduced a novel method for neural machine translation. Their 

approach incorporated attention into a machine translation framework to address some structural challenges of recurrent neural 

networks. 

 The second key study, by Luong et al. [18], proposed two straightforward yet effective attention mechanisms for neural machine 

translation: one global strategy that considers all source words simultaneously, and a local strategy that focuses on a limited subset 

of source words at any given time.  

The third important advancement introduced a self-attention mechanism, sometimes called intra-attention, within a neural 

architecture known as the Long Short-Term Memory-Networks (LSTMN) [19]. 

The fourth and most transformative work was the Transformer model, introduced by Vaswani et al. [20] in 2017. Initially designed 

for machine translation, this architecture has since become a cornerstone of modern deep learning, particularly in the field of NLP. 

The Transformer relies on a self-attention-based encoder-decoder structure, where both the encoder and decoder are composed of a 

sequence of identical layers. Each layer includes two main components: the first is a multi-head self-attention mechanism, and the 

second is a position-wise fully connected feed-forward network [21]. 

Most attention-based architectures can be trained jointly with a base model such as a recurrent neural network or a convolutional 

neural network using standard backpropagation. However, the introduction of the Transformer marked a major milestone, as it 

showed that attention mechanisms alone could build top-performing models [16]. This innovation offered a way around limitations 

like the inherent difficulty of parallelizing recurrent networks. Similar to the initial application of attention in [17], the Transformer 

was designed for machine translation but quickly found utility in various other domains including image processing  [22-24], video 

processing [25-27], recommender systems [28, 29], and others.  

This survey covers attention mechanisms and Transformer models published between 2014 and 2025, tracing the evolution from 

the foundational additive attention [17] to recent advances such as Flash Attention 3 and LLaMA-based architectures. Models were 

selected for inclusion based on four criteria applied in combination: (1) Architectural novelty, the model introduces a new attention 

mechanism, positional encoding strategy, head configuration, or structural scope pattern not already covered by another entry in the 

survey. (2) Demonstrated impact, The model has achieved significant recognition in the research community, evidenced by 

substantial citation counts, wide adoption in downstream work, or deployment in large-scale practical systems. (3) Domain coverage, 

Collectively, the selected models span the four application domains examined in Section 5 (natural language processing, computer 

vision, recommender systems, and sensor data analysis), ensuring the survey is representative across domains rather than biased 

toward a single application area. (4) Publication and verifiability, each included model has sufficient published technical 

documentation to permit accurate, verifiable, and citation-supported description. 

Models were excluded if they are purely proprietary with no public architectural details, or if they constitute minor implementation 

variants without substantive novelty relative to an already-included method. Applying these criteria, Section 3 covers 36 attention 

methods drawn from seven distinct types, while Section 4 reviews 29 Transformer architectures that represent the major branches of 

the NLP and computer vision Transformer literature. 

This research aims to present a comprehensive framework for attention mechanisms and provide an extensive survey of various 

attention methods and Transformer models employed in deep learning. Although several existing surveys address attention 

mechanisms or Transformer architectures, none provides the integrated, up-to-date coverage offered by the present work. Most 

survey articles in this field focus on attention methods and Transformer models within specific domains, such as medical image 

analysis [1, 30], complex systems [6], intrusion detection systems [31] fault diagnosis of machinery [32], image captioning [33], 

speech recognition [34], and renewable energy forecasting [35]. While valuable within their respective areas, these domain-specific 

surveys do not offer a generalized, cross-disciplinary perspective on attention and Transformer architectures. 

Other works adopt a narrower technical focus. For instance, [36] and [8] concentrate exclusively on visual attention in deep 

learning, thereby leaving NLP-centric Transformer families, vision-centric Transformers, and positional encoding strategies 
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unaddressed. Meanwhile, articles such as [37] and [16] limit themselves to the fundamental concepts and historical evolution of 

attention mechanisms and Transformers, without delving into recent architectural innovations. 

A few surveys, including [38], and [9], attempt a more comprehensive, domain-agnostic review. However, their analyses are 

largely confined to early attention methods and older Transformer models, offering limited insight into more recent developments. 

Similarly, [16] present a useful but limited taxonomy of attention mechanisms, yet they provide minimal coverage of the latest 

Transformer families and efficient attention variants. Likewise, [39] deliver a thorough review at the mechanistic level but fall short 

of examining complete Transformer architectural families and their comparative trade-offs across different application domains. 

Taken together, it is fair to conclude that the most comprehensive surveys in this field are becoming outdated and constrained in 

scope. Given the rapid growth of attention mechanisms and Transformer architectures in recent years, and their increasing necessity 

across various fields of artificial intelligence and machine learning, there is a clear and pressing need for a new, comprehensive 

survey. Such a survey should not only cover major concepts but also provide an analysis of nearly all common and useful attention 

methods and Transformer models for researchers and practitioners alike. 

The present survey fills these gaps in three specific ways. First, it provides a unified, current treatment of both attention 

mechanisms and Transformer architectures within a single coherent framework. Coverage extends through developments up to and 

including 2025, encompassing models and variants that are absent from all prior surveys. This ensures that readers gain access to the 

most recent advances in the field, including state-of-the-art efficient attention mechanisms, and emergent Transformer variants. By 

treating attention and Transformers together rather than as separate topics, the survey reveals conceptual continuities and design 

patterns that are often lost when these subjects are reviewed in isolation.  

Second, it covers and classifies useful articles that employ novel attention mechanisms and Transformer models, organizing them 

according to both the specific tasks they address and the methodological approaches they adopt across a wide range of applications. 

Importantly, this survey explicitly incorporates sensor data analysis as an application domain, a perspective that remains significantly 

underrepresented in existing attention surveys, alongside the more commonly covered areas of natural language processing (NLP), 

computer vision, and recommender systems. By doing so, it broadens the traditional scope of attention-related reviews and offers 

researchers from emerging fields such as robotic, human activity recognition (HAR), environmental monitoring, and predictive 

maintenance a valuable entry point into attention-based architectures.  

Third, it provides a structured comparative synthesis spanning more than 35 Transformer and attention models. For each model, 

the synthesis distills key ideas, typical applications, strengths, limitations, and benchmark results, thereby offering readers practical, 

actionable guidance for model selection in real-world tasks. Together, these three contributions position this survey as a more 

comprehensive and current reference than any existing work for researchers and practitioners working across attention-based deep 

learning. It not only fills the gaps left by prior domain-specific or outdated surveys but also equips its audience with both a broad 

conceptual understanding and a practical tool for navigating the rapidly expanding landscape of attention and Transformer models. 

The key contributions of this study are as follows: 

1- Conceptual Overview: We discuss the concept of attention mechanisms, offering a brief historical perspective on the development 

of vanilla attention methods designed to enhance the performance of deep learning models. 

2- Survey of Attention Methods: We review a wide range of attention techniques, including Hierarchical, Bidirectional, Multi-Head, 

Multi-query, Group-query, Graph, Channel, Spatial, Channel-Spatial, Temporal, Spatial-Temporal, Cross, Axial and Flash 

Attention, along with their respective sub-models. 

3- Comprehensive Review of Transformer Variants: We provide an in-depth examination of major Transformer architectures, 

including BERT, GPT, Transformer XL, XLNet, BART, Fast Transformer, T5, Longformer, BIGBIRD, Performer, Linformer, 

Reformer, RoFormer, ALiBi, Switch Transformer, LLaMA, ViT, DETR, DeepViT, DeiT, T2T ViT, CrossViT, PVT, Swin 

Transformer, TNT, MViT, ViViT, DAT, and Spiking Transformer. This review highlights their architectural innovations, 

distinctive features, and applications across diverse domains. 

4- Applications Across Domains: We illustrate the impact of attention mechanisms and Transformer-based models in advancing 

multiple fields, including natural language processing, computer vision, recommender systems, and sensor data analysis. 

5- Comparative Analysis: We provide a comparative evaluation of various attention mechanisms and Transformer architectures, 

emphasizing their core principles, significant findings, unique strengths, and notable limitations. 

The structure of the paper is as follows: Section 2 presents a general attention framework to provide foundational insights into its 

core principles and applications. Section 3 categorizes the different types of attention models. Section 4 is the classification of the 

various Transformer models. Applications of attention mechanisms and Transformer models in different tasks are investigated in 

Section 5. Section 6 provides a comparative analysis of diverse attention mechanisms and Transformer architectures. Research 

directions and future aspects are covered in Section 7. The article concludes with Section 8. 

2. Attention mechanism  

In the human brain, reasoning involves validating and forming conclusions by integrating attention with either new or pre-existing 
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information. Similarly, in deep learning models, attention mechanisms serve to highlight a particular portion of the input or memory 

(such as an image or text), thereby directing the reasoning process [6]. These mechanisms enable a single deep learning model to 

efficiently handle various tasks, including those with inputs that differ in length, size, or structure [7].  

In a general sense, attention in machine learning is structured as a sequential process, where the learning task is steered by selected 

elements from the input source or memory. This is accomplished by embedding the attention value into the task. Attention 

mechanisms represent and will continue to represent a significant paradigm shift in machine learning. In particular, this shift moves 

away from the conventional use of large-scale vector transformations and toward more deliberate processes that selectively attend to 

subsets of elements, such as breaking down a complex task into a sequence of reasoning steps guided by attention [6].  

As mentioned earlier, the earliest successful implementation of attention mechanisms was the additive attention proposed by [17]. 

Their approach incorporated attention into a machine translation model to resolve certain limitations associated with the architecture 

of recurrent neural networks.  

Neural machine translation models are typically structured as encoder-decoder architectures, where each language is assigned its 

own encoder and decoder [40]. However, a key limitation of the basic encoder-decoder approach lies in the requirement to compress 

the entire content of a source sentence into a single fixed-length vector, which often hinders the model’s ability to fully capture the 

semantic richness of long sentences [37].  

Bahdanau et al. [17] enhanced the basic encoder–decoder model by allowing the decoder to perform a (soft-) search through a set 

of input words or their encoder-derived representations when generating each word in the target language. This adjustment eliminates 

the need to encode the entire source sentence into one fixed vector and instead permits the model to selectively focus on information 

that is directly relevant to producing the next word. This significantly improves the model’s performance on longer sequences. Their 

machine translation architecture includes a bidirectional recurrent neural network (BiRNN) as the encoder, while the decoder is 

composed of an attention module alongside a recurrent neural network (RNN). A visual representation of this model is provided in 

Fig. 1. 

The encoder calculates annotations (𝐡𝟏, … . , 𝐡𝐓) that are the hidden state of the BiRNN based on input sequence (𝑥1, … . , 𝑥𝑇): 

 

(𝒉𝟏, … . , 𝒉𝑻) = 𝐵𝑖𝑅𝑁𝑁(𝑥1, … . , 𝑥𝑇)                                                                                                                                                 (1) 

 

In particular, shown in Fig. 1, hidden states { 𝒉𝟏⃗⃗ ⃗⃗  , … . . 𝒉𝑻⃗⃗ ⃗⃗  } and { 𝒉𝟏⃖⃗ ⃗⃗⃗, … . . 𝒉𝑇⃖⃗ ⃗⃗⃗⃗ } are the output of the forward RNN and the 

backward RNN respectively. The encoder produces an annotation for one word 𝑥𝑖 by simply concatenating the forward hidden state  

𝒉𝒊⃗⃗  ⃗ and the backward hidden state 𝒉𝑖⃖⃗ ⃗⃗ .  

 

 

Fig. 1. A depiction of a single step of decoding in attention-based neural machine translation [17]. 
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The decoder is composed of an attention block and recurrent neural network (RNN). The function of the attention block is to 

compute a context vector 𝑐 that encodes the context relationships between the current output symbol and each term of the input 

sequence. The context vector 𝑐𝑡 is computed as a weighted sum of these annotations 𝒉𝑗: 

 

𝑐𝑡 =∑𝛼𝑡𝑗ℎ𝑗                                                                                                                                                                                                               (2)

𝑇

𝑗=1

 

 

The weight 𝛼𝑡𝑗 of each annotation ℎ𝑗 is derived using 

 

{
  
 

  
 𝛼𝑡𝑗 = 

exp(𝑒𝑡𝑗)

∑ exp(𝑒𝑡𝑘)
𝑇
𝑘=1

                                                                                                                                                                                                           

 
 

𝑤ℎ𝑒𝑟𝑒                                                                                                                                                                                                                        (3)       
 

𝑒𝑡𝑗 = 𝑎(𝑠𝑡−1, ℎ𝑗)                                                                                                                                                                                                                  

                   

 

Here a is a learnable function and represents the relevance of 𝒉𝑗 to the next hidden state 𝒔𝑖 given the previous state 𝒔𝑖−1. 

After [17] applied attention models to machine translation problems, multiple variations of attention models for different 

application areas have sprang up rapidly. 

Luong et al. [18] proposed two simple and effective attentional schemes for use in neural machine translation: a global approach 

that attends all source positions at all times, and a local approach that attends to only a subset of source positions at one time. What 

is common to both of these models is that at each decoding step 𝑡,  both models take the hidden state ℎ𝑡 at the top layer of a stacked 

LSTM (Long Short-Term Memory) [41]. The objective is then to build a context vector 𝑐𝑡, which extracts the relevant source-side 

information to assist in predicting the current target word 𝑦𝑡 . Although their approaches differ in how the context vector 𝑐𝑡, is 

developed, their subsequent usage is the same. Specifically, to create an attentional hidden state, it combines the hidden state ℎ𝑡 
from the decoder with the source-side context vector 𝑐𝑡, a simple concatenation layer is employed to combine the information from 

both vectors to generate the attentional hidden state: 

 

ℎ̃𝑡 =  𝑡𝑎𝑛ℎ(𝑊𝑐[𝑐𝑡; ℎ𝑡])                                                                                                                                                                                             (4) 

 

 The attentional vector ℎ𝑡̃ is then passed through the softmax layer to give the predictive distribution defined by: 

 

𝑝(𝑦𝑡 ∣ 𝑦{<𝑡} , 𝑥 =  𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑠 ℎ̃𝑡)                                                                                                                                                                     (5) 

 

We now describe how each model type computes the context vector on the source side 𝑐𝑡. 

The main idea of a global attentional model is that 𝑐𝑡 is computed through consideration of all the hidden states of the encoder. 

Fig. 2 shows the Global attentional model. 

 

Fig. 2. Global attention model [18]. 
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 This model type consists of an alignment vector 𝑎𝑡, of variable length that is equal to the number of time steps on the source 

side. The alignment vector 𝑎𝑡 is obtained from comparing the current hidden state on the target side ℎ𝑡 to each hidden state on the 

source side, ℎ̅𝑠: 

𝑎𝑡(𝑠) = 𝑎𝑙𝑖𝑔𝑛( ℎ𝑡 , ℎ̅𝑠) =
𝑒𝑥 𝑝 (𝑠𝑐𝑜𝑟𝑒(ℎ𝑡 , ℎ̅𝑠))

∑ 𝑒𝑥𝑝 (𝑠𝑐𝑜𝑟𝑒(ℎ𝑡 , ℎ̅𝑠
′))′

𝑠

                                                                                                                                              (6) 

 

Luong et al. [18] use three different content-based functions as alternatives, and a location-based function was used for scoring. 

 

𝑠𝑐𝑜𝑟𝑒(ℎ𝑡 , ℎ̅)  =  {

ℎ𝑡
𝑇ℎ̅𝑠                            𝑑𝑜𝑡

ℎ𝑡
𝑇𝑊𝑎ℎ̅𝑠                      𝑔𝑒𝑛𝑒𝑟𝑎𝑙

𝑣𝑎
𝑇𝑡𝑎𝑛ℎ(𝑊𝑎[ℎ𝑡; ℎ̅𝑠]) 𝑐𝑜𝑛𝑐𝑎𝑡

                                                                                                                                           (7) 

 

𝑎𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑊𝑎ℎ𝑡)                                                                                                                                                                                               (8) 

 

Global attention has the disadvantage of having to attend to every word on the source side for each target word, which is expensive 

and may make it implausible to translate longer sequences, e.g., paragraphs or documents. To overcome this limitation, a local 

attentional mechanism that chooses to focus only on a small subset of the source positions per target word is proposed. The local 

attentional model is shown in Fig. 3. 

 

 

Fig. 3. Local attention model [18]. 

 

This model initially predicts a unique aligned position 𝑝𝑡  for the target word at the current time, which in turn defines a window 

centered on the source position 𝑝𝑡  to calculate a context vector 𝑐𝑡  a weighted average of the source hidden states within the 

window. The weights at are functions of the target state ℎ𝑡 and of the source states ℎ̅𝑠 within the window. The two forms of the 

local model are outlined below. 

Monotonic alignment (local-m): it is the same as the global model except the vector at is fixed-length and shorter. It sets  𝑝𝑡 =
𝑡, given that the source and target sequences are approximately monotonically aligned. The alignment vector at is set as per Eq. (6). 

Predictive alignment (local-p): rather than monotonic alignments being assumed, this model predicts an aligned position as 

follows: 

 

𝑝𝑡 = 𝑆. 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 (𝑣𝑝
𝑇𝑡𝑎𝑛ℎ(𝑊𝑝ℎ𝑡))                                                                                                                                                                       (9) 

 

𝑤𝑝 and 𝑣𝑝  are the model parameters that will be learned to predict positions. 𝑆  is the length of the source sentence. As the 
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result of sigmoid, 𝑝𝑡 ∈ [0, 𝑆] . To favor alignment points near 𝑝𝑡 , a Gaussian distribution centered around 𝑝𝑡  is placed. Specifically, 

alignment weights are now defined as: 

 

𝑎𝑡(𝑠) = 𝑎𝑙𝑖𝑔𝑛(ℎ𝑡 , ℎ̅𝑠)𝑒𝑥𝑝 (−
(𝑠−𝑝𝑡)

2

2𝜎2
)                                                                                                                                                               (10)  

 

Align function is the same as in Eq. (6) and the standard deviation is set empirically as 𝜎 =  
𝐷

2
. Note that 𝑝𝑡  is a real number; 

while 𝑠 is an integer inside the window centered at 𝑝𝑡 . Using 𝑝𝑡  to calculate 𝑎𝑡,  we can backpropagate gradients for 𝑊𝑝 and 

𝑣𝑝. This model is differentiable almost everywhere. 

Cheng et al. [19] propose a self-attention with a modified LSTM unit, namely the Long Short-Term Memory-Network 

(LSTMN).  The LSTMN substitutes the memory cell with a memory network to enable the storage of the contextual representation 

of every input token with a distinct memory slot, and the memory size increases over time until an upper limit of the memory span. 

The design allows the LSTM to reason over relations between tokens using a neural attention layer and then conduct non-Markov 

state updates. The architecture of the LSTMN is shown in Fig. 4 and the formal definition is provided as follows.  

 

 

Fig. 4. Long Short-Term Memory-Network. (Color indicates degree of memory activation) [19]. 

 

The model has two sets of vectors retained in a hidden state tape employed to interact with the environment 

(e.g., calculating attention), and a memory tape to represent what is really stored in memory. Thus, every token has a hidden vector 

and a memory vector. Let 𝑥𝑡 be the input at the current time; 𝐶𝑡−1= (𝑐1,···,𝑐𝑡−1) be the current memory tape, and 𝐻𝑡−1 = (ℎ𝑡,···, 
ℎ𝑡−1) the preceding hidden tape. At time t, the model calculates the relationship between 𝑥𝑡 and 𝑥1··· 𝑥𝑡−1 through ℎ1 ···ℎ𝑡−1 

with an attention layer: 

 

𝑎𝑖
𝑡 = 𝑣𝑇 𝑡𝑎𝑛ℎ(𝑊ℎℎ𝑖 +𝑊𝑥𝑥𝑡 +𝑊ℎ̃ℎ̃𝑡−1)                                                                                                                                                          (11) 

𝑠𝑖
𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑎𝑖

𝑡)                                                                                                                                                                                                  (12) 

 

This gives us a probability distribution over the hidden state vectors of the past tokens. We can then calculate an adaptive 

summary vector for the past hidden tape and memory tape represented by 𝑐𝑡̃  and ℎ𝑡̃, respectively: 

 

[
ℎ̃𝑡
𝑐̃𝑡
] = ∑𝑆𝑖

𝑡 . [
ℎ𝑖
𝑐𝑖
]

𝑡−1

𝑖=1

                                                                                                                                                                                                    (13) 
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and utilize them for calculating the values of 𝑐𝑡 and ℎ𝑡 in the recurrent update as: 

 

[

𝑖𝑡
𝑓𝑡
𝑜𝑡
𝑐̂𝑡

] = [

𝜎
𝜎
𝜎

𝑡𝑎𝑛ℎ

]𝑊. [ℎ̃𝑡, 𝑥𝑡]                                                                                                                                                                                       (14) 

𝑐𝑡 = 𝑓𝑡⊙ 𝑐̃𝑡 + 𝑖𝑡⊙ 𝑐̂𝑡                                                                                                                                                                                             (15) 

ℎ𝑡 = 𝑜𝑡⊙ 𝑡𝑎𝑛ℎ(𝑐𝑡)                                                                                                                                                                                                (16) 

 

where v, 𝑊ℎ, 𝑊𝑥 and 𝑊ℎ̃ are the new weight terms of the network. 

One of the central notions of the LSTMN is to utilize attention for imposing relations among tokens. Such relations are soft and 

differentiable, and parts of a larger representation learning network. 

In another study, Vaswani et al. [20] introduced the Transformer model based on the attention mechanism, specifically the scaled 

dot-product attention, which has since become fundamental for many subsequent attention-based models in deep learning. Dot-

product attention is a fast and efficient form of content-based attention. Scaled Dot-product attention consists of three parts: a learned 

key matrix, a value matrix, and a query vector where the similarity between queries and keys is computed using a dot product. The 

attention function is computed on a set of queries simultaneously, packed together into a matrix Q. The keys and values are also 

packed together into matrices K and V. Matrix of outputs computed as: 

 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄, 𝐾, 𝑉) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑𝑘
)𝑉                                                                                                                                                      (17) 

 

The first step in scaled dot-product attention is to transform the input data into an embedding vector and the three vectors of query 

vector (Q), key vector (K), and value vector (V) are then extracted from the embedding vectors. A score 

is then calculated for each vector: score =𝑄 ·  𝐾. Score normalization (dividing by √𝑑𝑘)  is applied for gradient stability. Then the 

score is passed through the softmax activation function. The weighted score 𝑣 for each input vector is derived by taking the softmax 

dot product value 𝑣.  The output is generated after summation. Scaled dot-product attention is illustrated in Fig. 5. 

 

 

Fig. 5. Scaled Dot-Product Attention. 
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3. Various Attention Methods  

Attention mechanism, as a technique to enhance the information processing capacity of neural networks, can be integrated into a 

wide range of models across different areas of deep learning. While the underlying principle of attention remains consistent, 

researchers have introduced various adjustments and enhancements to tailor these mechanisms more effectively to the requirements 

of specific tasks. There is no standard or unified classification for attention methods, as these techniques are numerous and can be 

grouped in various ways. In this article, we aim to investigate the most common and useful among them. Additionally, we propose 

a reasonable taxonomy for the methods used in this survey. Fig. 6 presents a visual taxonomy of the attention methods covered in 

this article. 

We first examine foundational methods, including hierarchical attention and bidirectional attention. Next, we analyze attention 

methods extended for use in the Transformer core. These include multi-head attention (MHA), introduced in the standard 

Transformer in 2017, as well as multi-query attention (MQA) and group-query attention (GQA), introduced in 2019 and 2023, 

respectively. Following that, we discuss graph attention methods, beginning with the Graph Attention Network (GAT) introduced in 

2017. In the continue, we explore the most common channel and spatial attention methods, which are widely used in computer vision 

tasks such as image classification and segmentation. Subsequently, we investigate temporal attention methods, which are commonly 

applied in time-series tasks. These include methods that rely solely on temporal attention, as well as those that incorporate both 

spatial and temporal attention, the latter being more frequently used in video analysis. Finally, we examine attention approaches 

designed to reduce memory consumption, following our discussion of cross-attention methods. 

 

 

Fig. 6. Visual taxonomy of attention methods. 

3.1. Hierarchical Attention 

The Hierarchical Attention Network was initially introduced by Yang et al. [42] in 2016 for the task of document classification. 

The complete structure of the Hierarchical Attention Network (HAN) is depicted in Fig. 7. This architecture is composed of multiple 

components: a word sequence encoder, a word-level attention layer, a sentence encoder, and a sentence-level attention layer.  

They consider document-level classification in this paper. Suppose that a document has 𝐿 sentences 𝑠𝑖 and each sentence has 

𝑇𝑡  words. 𝑊𝑖𝑡  with 𝑡 ∈  [1, 𝑇]  denotes the words in the 𝑖 th sentence. The model maps the raw document into a vector 

representation, upon which a classifier for document classification is constructed. In what follows, each component of the network 

is explained. 

Word Encoder: For a sentence with words 𝑊𝑖𝑡, 𝑡 ∈ [0, 𝑇], the words initially embed to vectors via an embedding matrix 𝑊𝑒, 

𝑥𝑖𝑗 = 𝑊𝑖𝑡𝑤𝑖𝑗 . A bidirectional GRU is employed to obtain annotations of words by capturing information from both directions for 

words and thus includes the contextual information in the annotation. The bidirectional GRU comprises the forward GRU which 

reads the sentence 𝑠𝑖 from 𝑊𝑖1 to 𝑊𝑖𝑇  and a backward GRU which reads from 𝑊𝑖𝑇  to 𝑊𝑖1 [43].  

 

𝑥𝑖𝑡 = 𝑊𝑒𝑤𝑖𝑡 , 𝑡 ∈ [1, 𝑇]                                                                                                                                                                                            (18) 

ℎ⃗ 𝑖𝑡 = 𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗ ⃗⃗  ⃗(𝑥𝑖𝑡), 𝑡 ∈ [1, 𝑇]                                                                                                                                                                                     (19) 

ℎ⃖⃗𝑖𝑡 = 𝐺𝑅𝑈⃖⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ (𝑥𝑖𝑡), 𝑡 ∈ [𝑇, 1]                                                                                                                                                                                     (20) 

 

An annotation is obtained for a given word𝑊𝑖𝑡by concatenating the forward hidden state ℎ⃗ 𝑖𝑡 and backward hidden state ℎ⃖⃗𝑖𝑡, i.e., 
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ℎ𝑖𝑡=[ℎ⃗ 𝑖𝑡 , ℎ⃖⃗𝑖𝑡] , which summarizes the information of the whole sentence centered around 𝑊𝑖𝑡. 

Word Attention: Since not every word has an equal impact on the overall meaning of a sentence, an attention mechanism is 

employed to identify and emphasize the words that are most relevant. This mechanism selectively focuses on informative words and 

combines their representations to construct a sentence-level vector. Specifically, 

 

𝑢𝑖𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑤ℎ𝑖𝑡 + 𝑏𝑤)                                                                                                                                                                                       (21) 

𝛼𝑖𝑡 =
𝑒𝑥𝑝(𝑢𝑖𝑡

𝑇𝑢𝑤)

∑ 𝑒𝑥𝑝(𝑢𝑖𝑡
𝑇𝑢𝑤)𝑡

                                                                                                                                                                                              (22) 

𝑠𝑖 =∑𝛼𝑖𝑡ℎ𝑖𝑡

𝑡

                                                                                                                                                                                                         (23) 

 

That is to say, word annotation ℎ𝑖𝑡 is first run through a one-layer MLP to produce 𝑢𝑖𝑡 as a hidden representation of ℎ𝑖𝑡, then 

the importance of the word as the similarity of 𝑢𝑖𝑡 is measured against a word-level context vector 𝑢𝑤 and ultimately produced a 

normalized importance weight ∝𝑖𝑡  through a softmax function. Then, the sentence vector 𝑠𝑖   is determined as a weighted sum of 

the word annotations by the weights. The context vector 𝑢𝑤 can be thought of as a high-level representation of a fixed query "what 

is the informative word" over the words (as used in a memory network). The word context vector 𝑢𝑤  is initialized randomly and 

learned jointly during the training process. 

 

 

Fig. 7. Hierarchical Attention Network. 
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Sentence Encoder: Provided the sentence vectors 𝑠𝑖, we can similarly obtain a document vector. A bidirectional GRU is also 

used to encode the sentences: 

 

ℎ⃗ 𝑖 = 𝐺𝑅𝑈⃗⃗⃗⃗⃗⃗ ⃗⃗  ⃗(𝑠𝑖), 𝑖 ∈ [1, 𝐿]                                                                                                                                                                                         (24) 

ℎ⃖⃗𝑖 = 𝐺𝑅𝑈⃖⃗⃗⃗⃗⃗ ⃗⃗ ⃗⃗ (𝑠𝑖), 𝑖 ∈ [𝐿, 1]                                                                                                                                                                                         (25) 
 

To get an annotation of sentence 𝑖, ℎ⃗ 𝑖 and ℎ⃖⃗𝑖 is concatenated i.e., ℎ𝑖  = [ℎ⃗ 𝑖, ℎ⃖⃗𝑖]. ℎ𝑖 summarizes the neighbor sentences around 

sentence 𝑖 but still focus on sentence 𝑖.  

Sentence Attention: The attention method is once more employed to reward sentences that provide hints for accurately 

classifying a document. Additionally, a sentence level context vector, 𝑢𝑠, is introduced to gauge the significance of the phrases. This 

yields: 

 

𝑢𝑖𝑡 = 𝑡𝑎𝑛ℎ(𝑊𝑠ℎ𝑖 + 𝑏𝑠)                                                                                                                                                                                           (26) 

𝛼𝑖𝑡 =
𝑒𝑥𝑝(𝑢𝑖

𝑇𝑢𝑠)

∑ 𝑒𝑥𝑝(𝑢𝑖
𝑇𝑢𝑠)𝑡

                                                                                                                                                                                                (27) 

𝑠𝑖 =∑𝛼𝑖ℎ𝑖

𝑡

                                                                                                                                                                                                             (28) 

 

In this framework, 𝑉 represents the document vector that encapsulates the comprehensive information of all sentences within a 

document. Similarly, the context vector at the sentence level can be initialized randomly and optimized jointly during the training 

phase.  

Hierarchical Attention Networks have since been adapted for various applications. For example, Ying et al. [44] proposed a 

hierarchical attention network tailored for the next-item recommendation task. In their approach, both users and items are first 

embedded into low-dimensional latent spaces. A two-layer hierarchical attention network is then applied to capture users' evolving 

long-term preferences and sequential behavioral patterns. Their model accounts not only for the dynamic aspects of users’ long- and 

short-term interests, but also for intricate higher-level interactions between user and item features, as well as between different items. 

Fig. 8 illustrates their proposed hierarchical attention framework. 

 

 

Fig. 8. A sequential hierarchical attention network. 

 

To capture the user’s long-term preference, prior to time step 𝑡, they learn the long-term user representation as a weighted sum 

over the embeddings of the items in 𝐿𝑡−1
𝑢 , with the weights being inferred based on an attention-based pooling layer which is guided 

by the user embedding. Furthermore, they combine the two representations to get the final hybrid user representation capturing short-

term preference along with the long-term preference, which was learned by another attention-based pooling layer over the 

embeddings of the items in 𝑆𝑡
𝑢. 

Some research efforts have also applied Hierarchical Attention Networks to the task of image captioning [45-48]. This form of 

attention is capable of capturing various levels of abstraction across its layers. Lower-level concepts are integrated into higher-level 
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representations, and these lower-level features are also propagated upward to assist in word prediction [49].  

Wang et al. [47] introduced an innovative Hierarchical Attention Network (HAN) specifically designed for image captioning, 

where attention is computed across a pyramidal hierarchy of features simultaneously. This pyramidal structure comprises features 

spanning multiple semantic levels, enabling the generation of different words based on varying feature representations. Given the 

distinct modalities present in the features, the authors also proposed a Multivariate Residual Module (MRM) to learn unified 

representations across these modalities. The MRM effectively models feature projections and captures meaningful relationships 

among them. Additionally, a context gate is incorporated to regulate the relative influence of the different features. 

In a separate study, Liu et al. [50] applied a hierarchical attention mechanism within the context of an intrusion detection system 

(IDS). This mechanism integrates two levels of attention: feature-based attention and slice-based attention. The feature-based 

attention is employed to strengthen the representational capacity of the traffic features, while the slice-based attention is subsequently 

applied to multiple segments of traffic data. 

3.2. Bidirectional attention 

Seo et al. [51] proposed the Bi-Directional Attention Flow (BIDAF) network, a hierarchical multi-stage architecture designed to 

represent context at multiple levels of granularity. This model employs a bidirectional attention flow mechanism to generate a query-

aware context representation without performing early summarization. The bidirectional attention mechanism operates in two 

directions: query-to-context and context-to-query, offering complementary information from both perspectives. Fig. 9 illustrates the 

Bi-Directional Attention Flow (BIDAF) network, which models the contextual paragraph through a layered, hierarchical structure. 

 

 

Fig. 9. Bi-Directional Attention Flow Model. 

 

The layer receives two inputs: contextual vector representations of the context 𝐇 and the query 𝐔. In fact,  𝐇 ∈ ℝ2𝑑×𝑇 from 

the context word vectors X, and 𝐔 ∈ ℝ2𝑑×𝐽 from query word vectors Q. It outputs the query-aware vector representations of the 

context words, denoted 𝐆, alongside the contextual embeddings received from the previous layer. 

The attention flow layer serves to connect and disambiguate the information from the context and query words. To do this, 

attention is computed in both directions: from context to query and from query to context. Both attention methods are computed from 

the same similarity matrix, 𝑆 ∈  ℝ𝑇×𝐽 , where T is the number of context words, J is the number of query words, 𝑆𝑡𝑗  denotes the 

similarity between the 𝑡-th context word and 𝑗-th query word as derived from the similarity matrix.  

The similarity matrix is computed by 
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𝑆𝑡𝑗 = 𝛼(𝐻:𝑡 , 𝑈:𝑗) ∈ ℝ                                                                                                                                                                                              (29) 

 

where 𝛼 is a trainable scalar function encoding the similarity between its two input vectors; 𝐇:𝑡   is 𝑡-th column vector of 𝐇, 

and 𝐔:𝑗  is 𝑗-th column vector of 𝐔.  

Context-to-query (C2Q): This attention mechanism identifies which query words are most relevant to each word in the context. 

Let  𝑎𝑡 ∈ ℝ
𝐽 represent the attention weights on the query words by 𝑡 −th context word, ∑ 𝑎𝑡𝑗  =  1 for all 𝑡. The attention weight 

is calculated by 𝑎𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑆𝑡:) ∈ ℝ
𝐽, and then subsequently each attended query vector is 𝑼̃:𝑡 = ∑ 𝒂𝒕𝒋𝑼:𝒋.𝒋  Thus 𝑈 is a 2𝑑 −

𝑏𝑦 − 𝑻 matrix comprising the attended query vectors for the whole context. 

Query-to-context (Q2C): This attention mechanism determines which context words exhibit the highest similarity to any of the 

query words, making them particularly important for accurately answering the query. The attention 

weights for the contextual words are obtained by 𝒃 = softmax(max𝒄𝒐𝒍(𝑺)) ∈ ℝ
𝑻 , where the max operation 

(max𝒄𝒐𝒍) is taken over the columns. Thus, attended context vector is given by 𝒉̃ = ∑ 𝒃𝒕𝑯:𝒕𝒕 ∈ ℝ𝟐𝒅 . This vector signifies the 

weighted sum of the most relevant words in the context with respect to the query. 𝒉̃ is tiled 𝑇 times along the column to get  𝐇̃ ∈
ℝ2𝑑×𝑇. Finally, the contextual embeddings are combined with the attention vectors to generate 𝑮, where each column vector is the 

query-aware representation of each corresponding context word. 𝑮 is defined by  

 

𝑮:𝒕 = 𝛽(𝑯:𝒕, 𝑼̃:𝒕, 𝑯̃:𝒕) ∈ ℝ
𝒅𝑮                                                                                                                                                                                    (30)  

 

where 𝐺:𝑡   is the 𝑡 − 𝑡ℎ  column vector (corresponding to 𝑡 − 𝑡ℎ  context word), 𝛽  is a trainable vector function 

that combines its (three) input vectors, and 𝑑𝐺  is the output dimension of the  𝛽  function. Although the 𝛽   function can 

be any arbitrary trainable neural network, e.g., Multi-Layer Perceptron (MLP), a straightforward concatenation 

as below still performs well in experiments:  

 

𝛽(𝒉, 𝒖̃, 𝒉̃) = [𝒉; 𝒖̃; 𝒉 ∘ 𝒖̃; 𝒉 ∘ 𝒉̃] ∈ ℝ8𝑑×𝑇(𝑖. 𝑒. , 𝑑𝐺 = 8𝑑)                                                                                                                            (31)  

 

 In contrast to the original attention mechanism, which summarizes the query and context into single feature vectors, bi-

directional attention allows the attention vector at each time step, as well as the embeddings from earlier layers, to pass through to 

the following modeling layer. This design helps minimize information loss that typically results from early summarization. 

3.3. Multi-Head attention  

Vaswani et al. [20] introduced the Transformer architecture for machine translation in 2017, and it has since become a 

foundational model in the field of deep learning, particularly within natural language processing (NLP).  

The Transformer architecture relies entirely on the attention mechanism, enabling it to model dependencies between input tokens 

without the need for recurrent connections. It incorporates a multi-head attention module, which enhances its ability to capture 

complex relationships among input elements. This module is widely regarded as a key factor behind the Transformer’s remarkable 

success [52]. 

The fundamental idea behind the attention mechanism is that each token in the sequence can gather information from all other 

tokens, enabling the model to better comprehend contextual relationships. This is accomplished by defining an attention function 

that maps a query, a collection of key-value pairs, and an output, with all components represented as vectors. The resulting output is 

calculated as a weighted sum of the values, where the weights are derived from a compatibility function that measures the relationship 

between the query and its associated key [21]. 

Multi-head attention works by combining 𝑛 separate scaled dot-product attention mechanisms (self-attention). The scaled dot-

product attention is described earlier at the end of section 2. This approach allows simultaneous processing of the three input vectors 

Q, K, and V, to compute a final result more effectively. The concept of multi-head attention is illustrated in Fig. 10, and its 

mathematical representation is provided in Eq. 32: 

 

{
𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑 (𝑄, 𝐾, 𝑉) = 𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑1, … , ℎ𝑒𝑎𝑑2)𝑊

𝑂

𝑤ℎ𝑒𝑟𝑒 ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛 (𝑄𝑊𝑖
𝑄 , 𝐾𝑊𝑖

𝐾 , 𝑉𝑊𝑖
𝑉)            

                                                                                                                              (32) 

 

Where the projections are parameter matrices 𝑊𝑖
𝑄  ∈  ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,𝑊𝑖

𝐾  ∈  ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑘 ,𝑊𝑖
𝑉  ∈ ℝ𝑑𝑚𝑜𝑑𝑒𝑙×𝑑𝑉 , 𝑎𝑛𝑑 𝑊𝑂  ∈

 ℝℎ𝑑𝑣×𝑑𝑚𝑜𝑑𝑒𝑙 . 
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Fig. 10. Structure of the Multi-Head Attention mechanism. 

 

Numerous studies have applied and extended the multi-head attention mechanism across a variety of tasks. Li et al. [53], for 

instance, proposed a disagreement regularization approach aimed at explicitly promoting diversity among different attention heads. 

As is well established, multi-head attention enables the model to simultaneously focus on information from different representation 

subspaces. However, the authors of [53] increase the separation among attention heads by introducing a disagreement regularization 

term, thereby promoting greater diversity. This approach is applied within the context of machine translation tasks. Given a source 

sentence 𝑥 and its translation 𝑦, the neural machine translation model is trained to maximize the conditional probability of the 

translation based on a parallel training corpus. To enhance diversity among attention heads, an auxiliary regularization term is 

incorporated. Formally, the training objective is revised as follows: 

 

𝐽(𝜃) =   arg max
𝜃

 { 𝐿(𝑦|𝑥; 𝜃)⏟      
𝑙𝑖𝑘𝑒𝑙𝑖ℎ𝑜𝑜𝑑

+ 𝜆 ∗ 𝐷(𝑎|𝑥, 𝑦; 𝜃) ⏟        }
𝑑𝑖𝑠𝑎𝑔𝑟𝑒𝑒𝑚𝑒𝑛𝑡

                                                                                                                                         (33) 

 

In Equation (33), 𝑎 denotes the attention matrices, and 𝜆 is a hyperparameter, which is empirically set to 1.0 in their study. The 

auxiliary regularization term 𝐷(⋅) encourages each attention component to capture distinct features from its corresponding projected 

subspace. 

To achieve this, the authors introduce three types of disagreement regularization, each targeting a different aspect: the subspace, 

the attended positions, and the output representations. These regularizations are designed to make the outputs of each attention head 

differ from one another. 

Disagreement on Subspaces (Sub.): This form of regularization is designed to maximize the cosine distance between projected 

value vectors. The process begins by computing the cosine similarity 𝑐𝑜𝑠(⋅) between vector pairs Vi and 𝑉𝑗 from different value 

subspaces, using the dot product of the normalized vectors. This similarity reflects the cosine of the angle between 𝑉𝑖 and 𝑉𝑗. 
Accordingly, the cosine distance is defined as the negative of this similarity, i.e., −𝑐𝑜𝑠(⋅). The goal is to increase the average cosine 

distance among all attention head pairs. The corresponding regularization term is formally defined as follows: 

 

𝐷𝑠𝑢𝑏𝑝𝑎𝑐𝑒 = −
1

𝐻2
∑∑

𝑉𝑖 · 𝑉𝑗

||𝑉𝑖||||𝑉𝑗||
                                                                                                                                                                   (34)

𝐻

𝑗=1

𝐻

𝑖=1

 

 

Disagreement on Attended Positions (Pos.): This strategy aims to increase the diversity of attended positions predicted by 

different heads. While agreement regularization [54, 55] promotes similar alignment patterns across heads, this work introduces a 

modified approach called alignment disagreement regularization, which encourages variation instead. Specifically, the similarity 

between the attended positions of two heads is measured by the sum of the element-wise product between their attention 

matrices 𝐴𝑖and 𝐴𝑗. 
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𝐷𝑝𝑜𝑠𝑖𝑡𝑖𝑜𝑛 = −
1

𝐻2
∑∑|𝐴𝑖⊙𝐴𝑗|                                                                                                                                                                      (35)

𝐻

𝑗=1

𝐻

𝑖=1

 

  

Disagreement on Outputs (Out.): This approach applies regularization directly to the outputs produced by individual attention 

heads, aiming to maximize the differences between them. In a manner similar to the subspace-based method, the negative cosine 

similarity is utilized to quantify the divergence among these outputs: 

 

𝐷𝑜𝑢𝑡𝑝𝑢𝑡 = −
1

𝐻2
∑∑

𝑂𝑖 · 𝑂𝑗

||𝑂𝑖||||𝑂𝑗||
                                                                                                                                                                    (36)

𝐻

𝑗=1

𝐻

𝑖=1

 

 

In another study, Cordonnier et al. [56] introduced a collaborative multi-head attention mechanism that allows attention heads to 

share learned projections. Their findings revealed that the concatenated heads in conventional multi-head attention (MHA) 

architectures often acquire redundant query and key representations. To address this redundancy, they propose substituting the 

standard concatenation-based MHA with a collaborative variant within Transformer models. The primary distinction lies in the 

handling of key and query matrices: unlike the standard approach where each head has its own set of projections, the collaborative 

model assigns each head a mixing vector 𝑚𝑖 . This design reduces the total number of parameters within an attention layer and can 

be seamlessly integrated into existing Transformer architectures. Notably, collaborative multi-head attention achieves a fourfold 

reduction in the size of key and query projections without compromising accuracy or inference speed.  

3.4. Multi-Query Attention 

Multi-head attention layers, as implemented in the Transformer sequence model, serve as a powerful mechanism for transferring 

information both within and between sequences. Although these layers are typically quick and efficient to train, thanks to their ability 

to parallelize across the sequence length, one significant limitation of the Transformer lies in the speed of incremental inference. 

This performance bottleneck is largely due to the memory bandwidth required to repeatedly access the large key and value tensors 

that store the attention states.  

To overcome this challenge, Shazeer et al. [57] introduced a modified attention mechanism known as multi-query attention, in 

which all attention heads share a single set of keys and values. This design significantly reduces tensor size and, consequently, the 

memory bandwidth demands during incremental decoding. In conventional multi-head attention, each of the 𝐻 heads has its own 

separate query, key, and value projections, allowing them to process different aspects of the input. In contrast, multi-query attention 

maintains distinct query projections for each head but utilizes shared keys and values across all heads. Fig. 11 illustrates a comparison 

between standard multi-head attention and the proposed multi-query attention mechanism.  

 

 

Fig. 11. Overview of multi-query attention methods. 

3.5. Group-Query Attention 

Ainslie et al. [58] introduced grouped-query attention (GQA), a mechanism that bridges multi-query attention (MQA) and 

multi-head attention (MHA), achieving performance comparable to MHA while preserving MQA’s efficiency. In GQA, attention 

heads are divided into G groups, with each group sharing a single set of key and value projections. The notation GQA-G denotes the 
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variant using G groups: for example, GQA-1 corresponds to MQA (since all heads share the same key and value), while GQA-H, 

where H is the total number of heads, recovers standard MHA. 

Fig. 12 compares GQA with MQA and MHA. In GQA, the key and value vectors for each group are computed by mean-pooling 

the corresponding heads. This design achieves a balance between speed and accuracy. 

 

 

Fig. 12. Overview of grouped-query attention, multi-query attention, and multi-query attention methods. 

 

Transitioning from MHA to MQA reduces the number of key and value heads from H to one, significantly lowering the size of 

the key-value cache and decreasing memory bandwidth needs by a factor of H. However, in large models, where the number of heads 

increases with scale, this transition becomes more extreme and leads to underutilization of capacity. GQA mitigates this issue by 

preserving a proportional balance between bandwidth and model capacity as the model size increases. 

Furthermore, standard sharding methods often involve partitioning keys and values by the number of model parallel units, 

which introduces inefficiencies [59]. GQA avoids such redundancy, making it particularly suitable for large-scale architectures by 

achieving a practical compromise between speed and performance. 

Grouped-query attention (GQA) has been widely integrated into large language models (LLMs) as a means to reduce the 

computational overhead associated with multi-head attention (MHA). Converting an MHA to a GQA typically involves dividing 

adjacent query heads in MHA into equal-sized groups, where each group shares the same key and value projections. Nonetheless, 

several studies have proposed alternative variants of GQA. For instance, Chen et al. [60] introduced AsymGQA, an activation-aware 

method that asymmetrically converts MHA into GQA to enhance model performance. As illustrated in Fig. 13, AsymGQA utilizes 

activation-induced similarities across layers to inform the grouping of attention heads, thereby achieving improved model accuracy. 

 

 

Fig. 13. Comparison of GQA and AsymGQA. 

 

Instead of the neighbor-based grouping strategy used in standard GQA, the authors adopted activation-informed asymmetric 

grouping to organize attention heads. Initially, they applied activation-informed symmetric grouping, which sequentially groups 

heads from the first MHA layer to the last. In this approach, the key and value projections are grouped independently at each layer. 
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Their proposed method utilizes a search-based strategy to identify the optimal grouping of key (and value) layers by evaluating the 

similarity among them within the MHA framework.  

The similarity 𝑠𝑖𝑚(𝐴, 𝐵) between two activation matrices    𝐴  ∈  ℝ𝑛×𝑚 and 𝐵 ∈  ℝ𝑛×𝑚 using row vectors is as follows. 

 

𝑠𝑖𝑚(𝐴, 𝐵) =
1

2
 (∑    𝑚𝑎𝑥

𝑛−1

𝑗=0
𝑐𝑜𝑠𝑖𝑚(𝐴𝑖,∗, 𝐵𝑖,∗ ) +

𝑛−1

𝑖=0

∑    𝑚𝑎𝑥
𝑛−1

𝑗=0
𝑐𝑜𝑠𝑖𝑚(𝐵𝑖,∗, 𝐴𝑖,∗ )

𝑛−1

𝑖=0

)                                                                                           (37)  

 

where  𝑐𝑜𝑠𝑖𝑚(·) calculates the cosine similarity between two vectors 𝑢 and 𝑣: 

 

𝑐𝑜𝑠𝑖𝑚(𝑢, 𝑣) =
𝑢 .𝑣

‖𝑢‖‖𝑣‖
                                                                                                                                                                                              (38)                         

 

In contrast to symmetric grouping, asymmetric grouping permits variable group sizes, making it especially advantageous in 

situations where information relevance is unevenly distributed across the input space. By expanding the search space beyond equal-

sized groupings to allow arbitrary configurations, asymmetric grouping increases the potential to discover more optimal grouping 

strategies than those achieved through symmetric grouping.  

Fig. 14 illustrates the differences between activation-informed asymmetric grouping (AsymGQA) and the standard neighbor-

based grouping approach. Enabling support for asymmetric grouping requires only minimal modifications to the existing search 

algorithm. In symmetric grouping, preserving uniform group sizes necessitates that whenever a key or value head is reassigned to a 

new group, another element from that group must be swapped back. To accommodate unequal group sizes, the method introduces 

an additional parameter 𝑝preserve , which denotes the likelihood of maintaining group sizes during the swap operation.  

 

 

Fig. 14. Naive neighbor grouping vs AsymGQA. 

 

Similarly, Joshi et al. [61] introduced Quality and Capacity-aware Grouped-Query Attention (QCQA), which aims to reduce the 

accuracy degradation caused by query grouping through a loss function called Weight-Sharing Error, a measure of the distance 

between the key and value head distributions. Their method adopts a two-stage search strategy. In the first stage, query groups 𝑄 

are formed independently for each layer. The second stage evaluates these groupings using Weight-Sharing Error (WSE) and the KV 

cache as fitness criteria, allowing the method to identify and exclude layers where grouping would most negatively impact accuracy. 

Layers that cause significant accuracy loss are retained in their original multi-head attention (MHA) form, while others are grouped, 

thus determining which layers maintain groupings and which remain as MHA. Fig. 15 Illustrates the grouping approach employed 

in grouped-query attention (GQA).  
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Fig. 15. Grouping approach in QCQA [61]. 

 

Additionally, Chinnakonduru et al. [62] proposed a variant called Weighted Grouped-Query Attention (WGQA). Instead of using 

the heuristic element-wise mean to aggregate key and value heads, they introduced a parametric aggregation method. They explored 

various aggregation strategies to assess whether incorporating a small number of additional parameters during training could lead to 

improved performance. Their analysis confirmed that scaling laws remain valid, showing that the performance gap between standard 

GQA and WGQA grows as model size increases. 

 Khan et al. [63] proposed advancements to grouped-query attention (GQA) by introducing two innovative strategies that move 

beyond the static nature of traditional grouping: Key-Distributed GQA (KDGQA) and Dynamic Key-Distributed GQA (DGQA). 

Both approaches utilize the norms of key heads to guide the assignment of queries to groups. Specifically, KDGQA determines query 

grouping during each forward pass based on the ratio of key head norms, whereas DGQA tracks how these norm ratios evolve 

throughout training to inform dynamic allocation. The authors also introduce Perturbed GQA (PGQA) as a case study, which injects 

variability into otherwise static groupings by subtracting noise from attention maps during the grouping process. Fig. 16 illustrates 

these mechanisms. In standard multi-head attention (MHA), each query corresponds to its own key-value head. In contrast, GQA 

assigns a single key-value head to fixed subgroups of queries, maintaining constant group sizes through uniform and static grouping. 

KDGQA and DGQA depart from this approach by allowing non-uniform groupings determined by the magnitudes (norms) of the 

key heads. 

 

 

Fig. 16. Overview of Key-Distributed GQA (KDGQA) / Dynamic Key-Distributed GQA (DGQA) approaches. 
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3.6. Graph Attention 

Many real-world problems involve data that do not conform to regular, grid-like structures but instead exist in irregular domains. 

Examples include 3D meshes, social and telecommunication networks, biological systems, and brain connectomes. These types of 

data are typically modeled as graphs [64]. In response, various efforts have been made to adapt neural networks to handle such 

arbitrarily structured data. Graph Neural Networks (GNNs) [65, 66] emerged as a generalized form of recursive neural networks, 

capable of processing a wider range of graph types, including cyclic, directed, and undirected graphs. GNNs operate through an 

iterative mechanism that updates node representations until a stable state is reached. Once equilibrium is achieved, a neural network 

generates node-specific outputs based on their final states. This foundational approach was refined in [67], where the propagation 

phase was enhanced through the integration of gated recurrent units (GRUs) [68, 69].  

Attention mechanisms are particularly powerful in handling inputs of variable sizes by enabling the model to selectively focus on 

the most informative parts of the input during decision-making. Building on these strengths, Veličković et al. [70] proposed an 

attention-based framework for node classification in graph-structured data. Their approach involves computing the hidden 

representations of each node by attending to its neighbors using a self-attention mechanism. This model, known as the Graph 

Attention Network (GAT), introduces a neural architecture specifically designed for graphs, utilizing masked self-attention layers to 

overcome limitations seen in earlier graph convolutional methods. By stacking multiple attention layers where each node adaptively 

weighs features from its neighbors, the model implicitly assigns varying levels of importance to different neighbors without relying 

on expensive matrix operations like inversion or requiring prior knowledge of the entire graph structure. This attention-based setup 

brings multiple advantages: (1) it is computationally efficient, as it can be parallelized over node-neighbor pairs; (2) it naturally 

handles nodes with varying degrees by learning flexible weighting schemes; and (3) it is well-suited for inductive learning scenarios, 

where the model needs to generalize to entirely unseen graphs. 

In Graph Attention Networks (GATs), the graph attention layer executes a sequence of operations tailored for processing graph-

structured data [71]. As a first step, each node is subjected to a shared linear transformation, governed by a learnable weight matrix 

𝑊, which prepares the node features for subsequent attention-based computations and representation learning. 

After the initial linear transformation in Graph Attention Networks (GATs), the next step involves computing attention 

coefficients, which quantify the raw (non-normalized) attention scores between neighboring nodes. Specifically, the transformed 

embeddings z of each pair of adjacent nodes are concatenated to form a joint feature vector. This concatenated representation is then 

processed via a dot product with a trainable weight vector, allowing the model to integrate node-specific information into the attention 

computation. 

 To incorporate nonlinearity into the model, the result of the dot product operation is passed through the LeakyReLU activation 

function. This activation helps the network capture complex patterns by introducing a nonlinear transformation. Following this, the 

attention coefficients are normalized to ensure consistency and comparability across different nodes. This normalization is 

accomplished using the Softmax function, which scales the coefficients into a probability distribution, enabling effective weighting 

of neighboring node features.  

During the aggregation phase, the model integrates the embeddings of neighboring nodes, guided by the attention weights 

computed earlier. A key challenge in Graph Attention Networks (GATs) is the potential instability introduced by the self-attention 

mechanism. To mitigate this, GATs adopt the strategy of multi-head attention. This technique involves employing several parallel 

attention mechanisms, referred to as “heads”, each equipped with its own set of parameters. These multiple heads allow the model 

to capture a richer set of relationships while improving training stability. Each head independently generates an output, which is then 

combined to form the overall output of the layer. Typically, the intermediate layers concatenate the outputs of all attention heads, 

whereas the final layer averages them to synthesize insights from different attention perspectives. In GATs, attentional weights are 

implicitly learned by comparing node features through self-attention, as illustrated in Fig. 17. The mathematical formulation 

describing how node embeddings are computed is accordingly transformed in this context:  

 

ℎ𝑖 = ∑ 𝑎𝑖𝑗𝑊

𝑗∈𝑁𝑖

𝑥𝑗                                                                                                                                                                                                       (39) 

 

where 𝑎𝑖𝑗  are the network's dynamically determined attention weights. 
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Fig. 17. An illustration of the multi-head attention mechanism, where node 1 attends to its neighboring nodes using K=3 distinct 

attention heads. 

 

Drawing inspiration from attention mechanisms, the Graph Attention Network (GAT) was introduced to learn the relative 

importance between a node and its neighbors, enabling effective fusion of neighbor information for node classification. Despite its 

strengths, traditional graph neural networks are limited in that they can only be applied to homogeneous graphs, those with a single 

type of node and edge. In contrast, real-world graphs are often heterogeneous, containing multiple types of nodes and edges, which 

results in richer semantics and more comprehensive information. This inherent complexity renders standard homogeneous graph 

approaches unsuitable for direct application to heterogeneous settings [72]. To address this limitation, Wang et al. [73] proposed the 

Heterogeneous Graph Attention Network (HAN), a model designed to handle the challenges of heterogeneous graphs by 

incorporating both node-level and semantic-level attentions. The architecture adopts a hierarchical attention mechanism, progressing 

from node-level attention to semantic-level attention. As illustrated in Fig. 18, the process begins with node-level attention, which 

learns to assign weights to meta-path–based neighbors and aggregates them to generate semantic-specific node embeddings. 

Subsequently, semantic-level attention differentiates among various meta-paths, learning an optimal weighted combination of the 

semantic-specific embeddings tailored to the task at hand. Through this two-tiered attention mechanism, HAN effectively identifies 

the most informative neighbors and meta-paths, enabling the model to construct node representations that capture both structural 

complexity and semantic richness. 

 

 

Fig. 18. Architecture of the Heterogeneous Graph Attention Network (HAN). 
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Building upon the foundational GAT framework, Wang et al. [74] propose an extension that incorporates additional relational 

heads. These relational heads act as relation-specific gates, regulating the flow of information from neighboring nodes based on the 

nature of their relationships. The overall architecture of this enhanced model is depicted in Fig. 19, which integrates two types of 

multi-head attention mechanisms: standard attention heads and the newly introduced relational heads. 

 

 

Fig. 19. The Structure of the relational graph attention network (R-GAT) [74]. 

 

Brody et al. [75] highlight a key limitation in the widely adopted Graph Attention Network (GAT), noting that its attention 

mechanism is inherently static. In its standard formulation and implementation, GAT assigns neighbor scores in a monotonic fashion 

based on individual node features, regardless of the specific query node. Consequently, GAT fails to capture even basic alignment 

tasks, as it lacks the capacity for dynamic attention computation. To address this limitation, the authors propose a modification to the 

internal operation sequence of GAT, resulting in GATv2, a straightforward yet more expressive variant of the original model. The 

improvement lies in the revised calculation of attention coefficients. In GATv2, the embeddings of a node pair are first concatenated 

and passed through a LeakyReLU activation function. The activated output is then projected via a dot product with a learnable weight 

vector. This revised formulation enables GATv2 to dynamically adjust attention weights based on the interaction between node pairs, 

thereby enhancing its ability to model complex structures and capture nuanced relationships within the graph. 

3.7. Channel Attention 

Channel attention mechanisms aim to highlight significant feature channels while reducing the impact of less relevant ones. This 

targeted focus allows deep learning models to prioritize informative features, enhancing performance in tasks such as image 

classification and segmentation. By enabling neural networks to selectively attend to individual feature map channels, channel 

attention facilitates more efficient information flow and improves the quality of reconstructed images. Dynamically adjusting each 

channel’s weight based on its significance, these mechanisms lead to more accurate input representations and better outcomes in 

high-resolution image generation [76]. 

Channel attention mechanisms operate on the premise that different feature channels contribute unequally to a model’s 

performance on a specific task. By computing an attention score for each channel, the network can dynamically increase or decrease 

the influence of individual features during the forward pass. This process of recalibrating feature importance generally involves 

global feature aggregation methods, such as average pooling or max pooling, which are applied across the spatial dimensions of the 

feature maps. The resulting channel-wise descriptors are then passed through a gating mechanism, commonly implemented as a feed-

forward neural network, to produce the corresponding attention weights [77]. In this approach, attention scores are computed 

separately for each channel, as each feature map is responsible for capturing distinct regions or aspects of the input data [8].  

A variety of techniques have been developed to implement channel attention mechanisms, each employing a distinct strategy. 

Notable examples include Squeeze and Excitation Network [78], Channel Attention in Convolutional Block Attention Module 

(CBAM) [79], Residual Channel Attention Network (RCAN) [80], Double Attention Networks [81], Second Order Channel 

Attention (SOCA) [82], Global Second-Order Pooling (GSoP) [83], Dual attention network [84], Gated Channel Transformation 
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(GCT) [85], Style-based Recalibration Module (SRM) [86], Efficient Channel Attention (ECA) [87], Holistic Channel Attention 

Network (HAN) [88], Frequency Channel Attention (Fcanet) [89], Split-Attention Networks [90]. In the following sections, we 

examine several of the more widely adopted models in greater detail. 

3.7.1. Squeeze and Excitation Network (SENet) 

The Squeeze-and-Excitation Network (SENet) [78] represents a foundational model in the development of modern attention 

mechanisms. A SENet is constructed by integrating multiple Squeeze-and-Excitation (SE) blocks, which are designed to apply 

dynamic, channel-wise attention. Each SE block operates through two primary stages: Squeeze and Excitation, as depicted in Fig. 

20.  

 

 

Fig. 20. Squeeze-and-Excitation block. 

 

In the Squeeze phase, the output from a convolutional block is compressed by applying global average pooling to each feature 

map, reducing each channel to a single scalar value. This results in a compact representation called a channel descriptor, which 

captures the global contextual information for each channel and emphasizes significant features. In the subsequent Excitation step, 

the channel descriptors are passed through two fully connected (dense) layers to generate a set of attention weights. These weights 

allow the network to selectively enhance or suppress individual channels based on their importance. By recalibrating the influence 

of each channel in this way, the model can effectively emphasize the most informative features and suppress less relevant ones. The 

overall process can be summarized as follows: 

 

𝑓𝑠 = 𝜎 (𝐹𝐶 (𝑅𝑒𝑙𝑢 (𝐹𝐶(𝑓𝑔))))                                                                                                                                                                         (40) 

  

where 𝐹𝐶  denotes the fully connected layer, 𝑓𝑔  represents global average pooling, and 𝜎  refers to the sigmoid activation 

function. The core idea is to identify the most informative representation of each channel to generate effective attention scores. 

3.7.2. Channel Attention in CBAM 

The Convolutional Block Attention Module (CBAM) [79] is a lightweight, yet powerful attention mechanism designed for feed-

forward convolutional neural networks. It enhances feature representations through sequential attention refinement using two 

complementary modules: channel attention and spatial attention, delivering notable performance gains with minimal computational 

overhead. In CBAM, the channel attention sub-module generates an attention map by leveraging inter-channel dependencies within 

the feature representations. Since each channel in a feature map can be interpreted as a specific feature detector [91], the channel 

attention mechanism identifies what aspects of the input image are most informative. To compute channel attention, the spatial 

dimensions of the input feature map are compressed using both average pooling and max pooling, producing two separate descriptors. 

These descriptors are then fed into a shared three-layer multi-layer perceptron (MLP) to generate attention weights. The outputs of 

the two MLP branches are combined through element-wise addition and passed through a sigmoid activation function to produce the 

final channel attention map. Fig. 21 illustrates the structure of the channel attention sub-module used in CBAM. In summary, the 

channel attention is calculated as follows: 

 

𝑓𝑐ℎ = 𝜎 (MLP (MaxPool (𝑓)) +MLP (AvgPool (𝑓)))                                                                                                                                 (41) 

 

where 𝜎 denotes the sigmoid activation function, and 𝑓 refers to the input features. The multi-layer perceptron (MLP) employs 

the ReLU activation function following each convolutional layer.  
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Fig. 21. Channel attention module of CBAM model [79]. 

3.7.3. Second-Order Channel Attention (SAN) 

While SENet relies solely on first-order feature statistics through global average pooling, it overlooks higher-order information, 

which can limit the network's discriminative power. In contrast, prior studies [92, 93] have demonstrated that incorporating second-

order statistics in deep convolutional neural networks (CNNs) can yield more informative and discriminative feature representations 

compared to first-order methods. Building on these insights, Dai et al. [82] explored the use of second-order feature statistics and 

introduced the Second-order Attention Network (SAN) for the task of Single Image Super-Resolution (SISR). A key innovation in 

this network is the integration of non-local enhanced residual groups (NLRG) with the Second-Order Channel Attention (SOCA) 

mechanism. The architecture is illustrated in Fig. 22. The NLRG module combines non-local operations to extract global contextual 

cues and integrates shared residual groups to capture deep hierarchical features. In contrast to SENet's first-order approach, SOCA 

leverages global covariance pooling to compute second-order statistics, capturing inter-feature correlations more effectively. This 

enables the network to selectively attend to more fine-grained and relevant features, thereby enhancing its ability to learn 

discriminative representations. As a result, SAN, empowered by the SOCA mechanism achieves superior performance, especially 

when dealing with images containing complex textures and higher-order structural information. 

 

 

Fig. 22. Framework of the second-order attention network (SAN) and its sub-modules [82]. 

3.7.4. Efficient Channel Attention (ECA) 

To limit model complexity, SENet reduces the number of channels during the attention process. However, this dimensionality 

reduction limits the model’s ability to explicitly capture the relationship between input features and their corresponding weight 

vectors, which can degrade performance quality [36]. To address this limitation, the Efficient Channel Attention (ECA) block was 

introduced by [87]. Instead of reducing dimensionality, ECA generates channel attention using a lightweight 1D convolution 

operation, where the kernel size is adaptively determined through a non-linear function of the channel dimension. The architecture 

of an ECA block is illustrated in Fig. 23.  
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Fig. 23. Diagram of efficient channel attention (ECA) model. 

 

After applying global average pooling across channels, ECA captures local cross-channel dependencies by evaluating each 

channel alongside its 𝑘 neighboring channels without performing dimensionality reduction. The formal definition of the ECA block 

is as follows:  

 

{
𝑠 = 𝐹eca(𝑋, θ) = σ (Conv1D(GAP(𝑋)))                                                                                                                                                                   

                                                                                                                                                                                                                                  (42)
𝑌 =  𝑠𝑋                                                                                                                                                                                                                              

     

  

where Conv1D(·) denotes 1D convolution with a kernel of shape 𝑘 across the channel domain, to model local cross-channel 

interaction. The parameter 𝑘 decides the coverage of interaction. In ECA, the kernel size 𝑘 is adaptively determined from the 

channel dimensionality 𝐶, instead of by manual tuning, using cross-validation: 

 

𝑘 = ψ(𝐶) = |
log2(𝐶)

γ
+
𝑏

γ
|
𝑜𝑑𝑑

                                                                                                                                                                             (43) 

 

where 𝛾 and 𝑏 are hyperparameters, and |𝑥|𝑜𝑑𝑑  denotes the function that rounds to the nearest odd integer. 

3.7.5. Gated Channel Transformation (GCT) 

Gated Channel Transformation (GCT) [85] is an innovative module designed to enhance the discriminative power of deep 

convolutional neural networks (CNNs) by modeling inter-channel relationships. GCT introduces a normalization mechanism that 

facilitates either competition or cooperation among channels; notably, this normalization step is parameter-free. To make the 

transformation learnable, GCT incorporates two key components: a global context embedding operator, which captures global 

contextual information and determines the importance of each channel prior to normalization, and a gating adaptation operator, which 

modulates the input features on a per-channel basis according to the normalization output. Despite being lightweight, the trainable 

parameters associated with each channel are highly effective, allowing GCT to be widely adopted without introducing significant 

parameter overhead. Furthermore, the gating adaptation parameters are straightforward to interpret and visualize, providing insights 

into GCT’s internal behavior. The overall architecture of GCT is depicted in Fig. 24. In this structure, the embedding weight 𝛼 

governs each channel’s influence before normalization, while the gating weight 𝛾 and bias 𝛽 are responsible for adjusting the scale 

of the input feature 𝑥 channel-wise.  
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Fig. 24. The structure of Gated Channel Transformation [85]. 

3.7.6. Frequency Channel Attention (FcaNet) 

Relying solely on global average pooling in channel attention mechanisms may constrain a model’s representational capacity. To 

address this, Qin et al. [89] proposed replacing the traditional global average pooling operation with frequency components. Through 

frequency-domain analysis, they mathematically demonstrated that global average pooling can be interpreted as a special case of the 

Discrete Cosine Transform (DCT). This insight allowed them to generalize channel compression within the attention mechanism 

using a frequency-based approach. Building on this foundation, they introduced a method called multi-spectral channel attention, 

implemented in their proposed model FcaNet. An overview of the multi-spectral channel attention structure is presented on Fig. 25. 

 

 

Fig. 25. The structure of Frequency Channel Attention (FcaNet) [89]. 

 

Given an input feature map  𝑋 ∈  ℝ𝐶×𝐻×𝑊, the multi-spectral channel attention mechanism first divides 𝑋 into multiple segments 

𝑥𝑖  ∈  ℝ𝑐́×𝐻×𝑊. A 2D Discrete Cosine Transform (DCT) is then applied to each segment  𝑥𝑖 . Notably, pre-computed DCT results 

can be reused to reduce computational costs. After transforming each segment, the outputs are concatenated into a single vector. This 

vector is then passed through fully connected layers with ReLU activation, followed by a sigmoid function to generate the final 

attention vector, like the Squeeze-and-Excitation (SE) block. This process can be expressed as: 
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{
𝑠 = 𝐹eca(𝑋, θ) = σ(𝑊2δ(𝑊1𝐷))                                                                                                                                                                                      

                                                                                                                                                                                                                              (44)
𝑌 =  𝑠𝑋                                                                                                                                                                                                                                

     

 

𝐷 = DCT(Group(𝑋))                                                                                                                                                                                            (45) 

 

Where Group(·) denotes the operation of splitting the input into multiple groups, and DCT(·) refers to the 2D Discrete Cosine 

Transform. 

3.8. Spatial Attention 

Spatial attention functions as a mechanism for adaptively selecting important spatial regions, essentially determining where the 

network should focus. In contrast to channel attention, which emphasizes generating attention weights along the channel dimension, 

spatial attention derives its attention scores from spatial patches within the feature maps, rather than across channels. Despite this 

distinction, the sequence of operations involved in computing attention remains largely similar [8]. This mechanism enables neural 

networks to identify and concentrate on spatial locations that are most relevant to the task at hand. The core idea behind spatial 

attention is to highlight critical regions within an image, which proves especially beneficial in tasks such as object detection, semantic 

segmentation, and person re-identification. Spatial attention specifically targets the most informative portions of the spatial feature 

map—defined by width and height dimensions. By leveraging this mechanism, spatial information from the input image is 

transformed into a new representation space where the most salient information is preserved [9].  

Various strategies have been proposed for implementing spatial attention mechanisms, each employing a distinct approach. In 

the sections that follow, we take a closer look at several of the most commonly used models. 

3.8.1. Spatial Attention in CBAM 

 As previously noted, the Convolutional Block Attention Module (CBAM) [79] introduces an attention-based feature refinement 

framework composed of two sequential sub-modules: channel attention and spatial attention. While the channel attention focuses on 

what features are important, the spatial attention targets where the most informative regions are located, offering complementary 

information. To compute the spatial attention map, CBAM leverages inter-spatial relationships by first applying average-pooling and 

max-pooling operations along the channel dimension. These pooled features are then concatenated to form a compact yet effective 

feature descriptor. Prior studies have demonstrated that performing pooling along the channel axis helps to highlight spatially 

informative areas [94]. Next, a convolutional layer is applied to the concatenated descriptor to produce a 2D spatial attention map. 

This map is designed to selectively emphasize or suppress specific regions of the input feature map. In essence, the pooled features 

capture essential channel information, which is then aggregated and transformed via convolution to guide the network’s focus across 

spatial dimensions. The complete process is illustrated in Fig. 26 and is mathematically formulated as follows: 

 

𝑓𝑠𝑝 = 𝜎(Conv7×7([MaxPool(𝑓);AvgPool(𝑓)]))                                                                                                                                              (46) 

 

where σ stands for the sigmoid function and 𝐶𝑜𝑛𝑣7×7 indicates a convolution operation with the 7  ×  7 kernel size. 

 

 

Fig. 26. Spatial attention module of CBAM model [79]. 
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3.8.2. Criss-Cross Attention Network (CCNet) 

The Criss-Cross attention module [95] captures contextual information in both horizontal and vertical directions to enhance pixel-

wise representational capacity. It is designed to model full-image dependencies from local feature representations while keeping 

computational and memory costs lightweight. 

The Criss-Cross attention module is illustrated on Fig. 27. Starting with a local feature map 𝐻 ∈  ℝ𝐶×𝑊×𝐻 , the module applies 

two convolutional layers with 1 ×  1 filters to generate feature maps 𝑄 and 𝐾. Using these maps, the Affinity operation produces 

attention map 𝐴. For each position 𝑢 in the spatial dimension of 𝑄, a vector 𝑄𝑢  is obtained. The set Ω𝑢  can be obtained by 

extracting feature vectors from 𝐾 that lie in the same row or column as position 𝑢. Ω𝑖,𝑢 denotes the 𝑖-th element of Ω𝑢 . The 

Affinity operation is then defined as follows: 

 

𝑑𝑖,𝑢 = 𝑄𝑢 𝛺𝑖,𝑢
𝑇                                                                                                                                                                                                          (47) 

 

where 𝑑𝑖,𝑢 ∈  D denotes the correlation degree between feature 𝑄𝑢 and Ω𝑖,𝑢. To compute the attention map 𝐴, a softmax layer 

is applied to 𝐷 along the channel dimension. Another convolutional layer with 1 ×  1 filters is then applied to 𝐻 to generate 𝑉 

for feature adaptation. For each position u in the spatial dimension of 𝑉, a vector 𝑉𝑢  and the set 𝛷𝑢  are obtained, where 𝛷𝑢 

contains the feature vectors in 𝑉 hat lie in the same row or column as u. The Aggregation operation then collects the contextual 

information: 

 

𝐻𝑢
′ =  ∑ 𝐴𝑖,𝑢𝛷𝑖,𝑢  +  𝐻𝑢  

𝑖 ∈ |𝛷𝑢|

                                                                                                                                                                                (48) 

 

where 𝐻′𝑢  u denotes a feature vector at position u in the output feature map 𝐻′. 𝐴i,u  represents a scalar value at channel 𝑖 and 

position 𝑢 in A. To enhance the local features and strengthen the pixel-wise representation, contextual information is incorporated 

into the local feature 𝐻. Consequently, the model attains a broad contextual view and selectively aggregates information guided by 

the spatial attention map. These enriched feature representations provide complementary benefits and exhibit greater robustness for 

semantic segmentation. 

 

Fig. 27. Criss-Cross Attention module [95]. 

 

Building on the Criss-Cross Attention module, Huang et al. [95] introduced the Criss-Cross Network (CCNet) to more effectively 

and efficiently capture contextual information. An overview of CCNet for semantic segmentation is shown in Fig. 28. 
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Fig. 28. The overview of the CCNet for semantic segmentation [95]. 

 

Although Criss-Cross attention can capture contextual information along both horizontal and vertical directions, the connections 

between a pixel and its surrounding pixels outside the Criss-Cross path remain absent. To overcome this limitation, CCNet introduces 

a Recurrent Criss-Cross Attention (RCCA) operation built upon the Criss-Cross attention mechanism. The RCCA module can be 

unfolded into R loops. In the first loop, Criss-Cross attention takes the CNN-extracted feature maps 𝐻 as input and produces output 

feature maps 𝐻′ , with both maps sharing the same dimensions. In the second loop, the attention mechanism then takes  𝐻′ as 

input and generates 𝐻′′. As illustrated in Fig. 28, the RCCA module with two loops (𝑅 = 2) is capable of harvesting full-image 

contextual information from all pixels, thereby generating new feature maps enriched with dense and comprehensive context. 

3.8.3. Spatial Pyramid Attention Network (SPAN) 

Hu et al. [96] introduced the Spatial Pyramid Attention Network (SPAN), a framework designed for the detection and localization 

of various forms of image manipulation. SPAN captures inter-patch relationships across multiple spatial scales by employing a 

pyramid structure composed of local self-attention blocks. This enables the model to identify and localize different manipulation 

types effectively, even in scenarios where fine-tuning is not applied. The architecture of SPAN consists of three primary components: 

a feature extractor, a spatial pyramid attention block, and a decision module. Fig. 29 provides an overview of the complete framework 

of the Spatial Pyramid Attention Network.  

The feature extraction component in SPAN utilizes the Wider & Deeper VGG Network [97, 98] as its backbone, integrating 

SRMConv2D [99] and BayarConv2D [100] layers to capture detailed features from both visual artifacts and noise patterns. After 

obtaining the embeddings from the pre-trained backbone, an additional convolutional layer is applied to adapt these features for input 

into the spatial attention module. The pyramid spatial attention propagation module is specifically designed to model spatial 

dependencies across multiple scales of the pixel representations. This module employs five recursive layers of local self-attention 

blocks to capture contextual information from neighboring pixels or patches. Each self-attention block includes a residual connection 

that links its input to its output, ensuring that fine-grained multi-scale details are preserved throughout the attention pathway. To 

produce the final output mask, a series of 2D convolutional layers is applied, followed by a Sigmoid activation function that generates 

a soft tampering mask, highlighting the regions of potential image manipulation. 

 

Fig. 29. Overview of the Spatial Pyramid Attention Network. 
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3.8.4. Spatial-Spectral Self-Attention (TSA) 

Meng et al. [101] introduced a Spatial-Spectral Self-Attention (TSA) module designed to jointly capture spatial and spectral 

dependencies in a manner that is independent of input order. This module is integrated into an encoder-decoder architecture to 

facilitate high-quality image reconstruction. The detailed structure of the TSA module is depicted in Fig. 30. 

 

 

Fig. 30. Spatial-Spectral Self-Attention (TSA) module. 

 

The modeling of spatial correlation in the TSA module is performed by processing the 𝑥-axis and 𝑦-axis separately, followed 

by an aggregation step that ensures order independence. Specifically, the input features are projected into query (Q) and key (K) 

representations for each spatial dimension independently. The kernel size and feature dimensions are defined individually for each 

axis, where the number of kernels corresponds to the number of attention heads, and the size determines the feature dimensionality. 

The Q and K representations specific to each dimension are then used to compute attention maps, which sequentially modulate their 

respective dimensions, x and y, ensuring that the overall process remains invariant to the order of operations. Once the attention 

modulation is complete, the features are passed through a deconvolution layer to complete the spatial correlation modeling.  

In spectral correlation modeling, each spectral channel, represented as a two-dimensional spatial plane, is flattened into a feature 

vector to capture relationships between channels. The input features are projected into query (Q) and key (K) representations, which 

are then used to compute attention maps along the spectral axis. Due to consistent image patterns at corresponding spatial locations, 

adjacent spectral channels exhibit higher correlation. This phenomenon is captured through a spectral smoothness property embedded 

in the attention maps. To quantify similarity between spectral channels, a normalized cosine distance is employed, serving as the 

spectral embedding metric. These similarity scores are scaled and integrated with the coefficients in the attention maps, which are 

subsequently used to modulate the "Value" component within the self-attention mechanism. This modulation enforces a spectral 

smoothness constraint, enhancing the model's ability to preserve continuity and structure across the spectral dimension. 

3.9. Channel & Spatial attention 

Channel & spatial attention mechanisms integrate the strengths of both channel attention and spatial attention by adaptively 

focusing on the most relevant features and regions within an image [102]. Early advancements in this area were introduced by the 

Residual Attention Network [103] and the Convolutional Block Attention Module (CBAM) [79], both of which highlighted the 

significance of enhancing informative features across spatial and channel dimensions Subsequent research has expanded and refined 

these mechanisms for various applications. Notable examples include SCA-CNN [102], scSE [104], bottleneck attention module 

(BAM) [105], Channel and spatial attention network (CS-Net) [106], Dual attention network (DANet) [84], Channelized Axial 

Attention (CAA) [107], Relation-Aware Global Attention (RGA) [108], Coordinate Attention [109], and global-and-local attention 

(GALA) [110] each contributing different strategies to leverage joint spatial-channel attention in deep neural networks. In the 

following sections, we examine several of the more common models in greater detail.  

3.9.1. Residual attention network 

The Residual Attention Network [103] is a deep convolutional architecture that integrates attention mechanisms with residual 

connections, drawing inspiration from the ResNet framework [111]. This network is constructed by sequentially stacking multiple 
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attention modules, each designed to enhance feature representation. An individual attention module consists of two parallel branches: 

the trunk branch and the mask branch. The trunk branch is responsible for processing features and can adopt any advanced 

architectural component, such as a pre-activation residual unit or an inception block. In contrast, the mask branch employs a bottom–

up top–down architecture to generate a soft attention mask, which shares the same spatial dimensions as the trunk output. This 

structure is intended to replicate the fast, feedforward-feedback attention mechanism observed in cognitive processes. The generated 

attention mask serves as a gating mechanism, modulating the activations of the trunk branch in a manner analogous to the gating 

functions in Highway Networks [112]. The overall output of an attention module H is computed by combining the modulated features 

from both branches .The output of Attention Module 𝐻 is: 

 

𝐻𝑖,𝑐(𝑥) = 𝑀𝑖,𝑐(𝑥) ∗ 𝑇𝑖,𝑐(𝑥)                                                                                                                                                                                     (49) 

 

where 𝑐 ∈ {1, … , 𝐶} is the channel index and 𝑖 spans all spatial positions. End-to-end training is possible for the entire structure. 

Within each attention module, a bottom–up top–down feedforward architecture is employed to capture both spatial and cross-channel 

dependencies, contributing to consistent improvements in performance. 

3.9.2. SCA-CNN 

A convolutional neural network called SCA-CNN, which integrates spatial and channel-wise attentions into a CNN, is presented 

by Chen et al. [102] SCA-CNN dynamically adjusts the sentence production context in multi-layer feature maps during the image 

captioning task, encoding the visual attention's where (i.e., attentive spatial locations at various layers) and what (i.e., attentive 

channels). The overview of the CNN (SCA-CNN) model's spatial and channel-wise attentions is displayed on Fig. 31. The output of 

the (𝑙  −  1)-th convolutional layer is the initial feature map 𝑉𝑙 for the 𝑙-th layer. First, the channel-wise attention weights 𝛽𝑙 are 

obtained using the channel-wise attention function Φc. These are then multiplied in the feature map's channel-wise. An attentive 

feature map 𝑋𝑙 is then produced by multiplying the spatial attention weights 𝛼𝑙 in each spatial region using the spatial attention 

function Φs. 

 

 

Fig. 31. The overview of SCA-CNN model [102]. 

3.9.3. Convolutional Block Attention Module (CBAM) 

Woo et al. [79] introduced the Convolutional Block Attention Module (CBAM), which enhances feature representation by 

sequentially applying channel attention followed by spatial attention. This design allows the model to selectively emphasize the most 

informative feature channels as well as the most relevant spatial regions. An overview of the CBAM architecture is illustrated in Fig. 

32. By combining channel attention (detailed in Section 3.5.3) and spatial attention (explained in Section 3.6) in a cascaded manner, 

CBAM effectively captures both cross-channel and spatial feature relationships. This enables the network to learn not only what to 

focus on but also where to focus, thereby improving task-specific performance.  
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Fig. 32. The overview of CBAM [79]. 

3.9.4. Spatial and Channel SE blocks (scSE) 

Roy et al. [104] introduce three distinct Squeeze-and-Excitation (SE) modules, namely cSE, sSE, and scSE, for the purpose of 

image segmentation. The cSE module (Channel Squeeze and Excitation) compresses spatial dimensions while enhancing channel-

wise features. In contrast, the sSE module (Spatial Squeeze and Excitation) operates conversely by compressing channel information 

and emphasizing spatial features. The scSE module combines both strategies by independently recalibrating feature maps along the 

spatial and channel dimensions and then merging their outputs. 

The scSE attention module builds upon the original SE mechanism and provides an enhanced approach tailored for image 

classification. It comprises two main components: the Spatial Squeeze and Channel Excitation (cSE) block and the Channel Squeeze 

and Spatial Excitation (sSE) block. The cSE block implements a channel-wise attention mechanism that aggregates feature 

information across channels, similar to conventional attention techniques such as SE. What distinguishes the cSE block is its use of 

a dimensionality reduction followed by an expansion on the attention weights, which facilitates efficient channel-wise integration 

while reducing computational complexity and improving processing speed. In parallel, the sSE block enhances spatial features by 

applying attention across spatial locations. Like the cSE block, it calculates attention weights and applies them to the input feature 

map; however, instead of utilizing Global Average Pooling (GAP) as in the cSE block, it unfolds the spatial dimensions. The sSE 

block employs a convolutional layer with a 1 × 1 kernel and a single output channel to integrate spatial information, thus avoiding 

reliance on GAP [113].  

Fig. 33 illustrates the architectural structure of the scSE module. By combining the sSE and cSE blocks, the scSE attention 

mechanism simultaneously captures and integrates information across both spatial and channel dimensions. The outputs from each 

block are subsequently merged by summation along the channel axis. 

 

 

Fig. 33. The structure of scSE attention module. 
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3.9.5. Dual attention network (DANet) 

In scene segmentation tasks, the presence of diverse objects and background elements such as variations in scale, lighting, and 

viewpoint poses significant challenges. Due to the inherently local receptive fields of convolutional operations, feature 

representations for pixels belonging to the same class may still exhibit noticeable variations. These discrepancies can lead to intra-

class inconsistency, thereby reducing segmentation accuracy. To mitigate this issue, Fu et al. [84] proposed the Dual Attention 

Network (DANet), which leverages self-attention mechanisms to adaptively refine local semantic features. The approach 

incorporates two key components: a position attention module and a channel attention module, designed to capture global 

dependencies along spatial and channel dimensions, respectively. By modeling rich contextual relationships across local features, 

DANet significantly improves segmentation performance. 

Fig. 34 presents an overview of the Dual Attention Network (DANet). This architecture incorporates two distinct attention 

modules that capture global contextual information from local features produced by a dilated residual network, thereby improving 

feature representations for pixel-wise prediction. Given an input feature map 𝑋, convolutional layers are first applied within the 

position attention module to produce intermediate feature maps. These are then processed through three steps to extract spatial long-

range dependencies: (1) a spatial attention matrix is computed to model relationships between spatial positions; (2) this matrix is 

multiplied with the original features to aggregate contextual information; and (3) the result is combined with the initial features via 

an element-wise addition, yielding updated representations enriched with spatial context.  In parallel, the channel attention module 

captures long-range dependencies across channels. Its procedure is similar to the position attention mechanism, except that the 

attention matrix is computed across channel dimensions instead of spatial ones. Finally, the outputs from both attention branches are 

fused, producing enhanced feature representations tailored for accurate pixel-level prediction.  

 

 

Fig. 34. An overview of the Dual Attention Network [84]. 

3.10. Temporal Attention 

Temporal attention operates as a mechanism that dynamically selects important time steps, guiding the model toward the most 

relevant portions of the input sequence. It is widely applied in time-series analysis, where it enables the capture of both short- and 

long-term temporal dependencies. By focusing on informative time intervals, temporal attention helps models learn meaningful 

patterns across diverse time scales. 

Li et al.  [114] introduced the Global-Local Temporal Representation (GLTR) framework to capture multi-scale temporal cues 

in video sequences. The GLTR architecture comprises two primary components: the Dilated Temporal Pyramid (DTP) convolution 

module and the Temporal Self-Attention (TSA) mechanism. The DTP module applies multiple parallel dilated temporal convolutions 

[115] to extract short-term dependencies across neighboring frames. In contrast, the TSA module captures long-range temporal 

relationships, mitigating challenges such as occlusion and noise in video data. An overview of the GLTR architecture is shown on 

Fig. 35.  
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Fig. 35. An overview of the Global-Local Temporal Representation (GLTR) which consists DTP and TSA [114]. 

 

The core idea of the Temporal Self-Attention (TSA) module is to compute a 𝑇 ×  𝑇  attention mask 𝐌 that encodes the 

contextual relationships among all frame features. As shown in Fig. 33, given an input 𝐹′ ∈  𝑅𝑁𝑑×𝑇  , TSA first applies two 

convolutional layers followed by Batch Normalization and ReLU to generate feature maps 𝐵 and 𝐶 of size (𝑁𝑑/𝛼)  ×  𝑇. A 

temporal attention mask 𝑴 of size 𝑇 × 𝑇 is then obtained by multiplying 𝑪  with the transpose of 𝐵. The attention mask 𝑀 is 

applied to update the input feature 𝐹′,  embedding additional global temporal cues. First, 𝐹′ is passed through a convolutional 

layer to produce an intermediate feature map 𝐹′̅ of size (𝑁𝑑/𝛼)  ×  𝑇 . This intermediate map is then multiplied by 𝑀  and 

processed through another convolutional layer to restore its size to 𝑁𝑑 × 𝑇. Finally, the resulting feature map is combined with the 

original 𝐹′ via a residual connection, yielding the refined temporal feature 𝐹′′. The TSA computation can be formally expressed as 

 

{
𝐹′′ =  𝑊 ∗  (𝐹̄′ ·  𝑀) + 𝐹′                                                                                                                                                                                           
                                                                                                                                                                                                                                     (50)

𝐹′′ ∈  𝑅𝑁𝑑 × 𝑇                                                                                                                                                                                                                    

 

 

Here, the final convolutional kernel is denoted by 𝑊. To simplify residual connection optimization, 𝑊 is initialized to zero. In 

the TSA module, 𝛼 regulates the parameter size. The final GLTR representation  𝑓 ∈  𝑅𝑁𝑑  is obtained by applying average 

pooling to the updated temporal feature 𝐹′′. 

In another study, Liu et al. [116] introduced a generic temporal module known as the Temporal Adaptive Module (TAM), 

designed to capture complex motion patterns in video sequences. TAM can be seamlessly integrated into existing 2D CNN 

architectures (e.g., ResNet) to construct a video network. As illustrated in Fig. 36, they further developed a powerful video 

architecture, TANet, based on this temporal module.  

 

 

Figure. 36. The overall architecture of TANet [116]. 
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The Temporal Adaptive Module (TAM) is designed with two guiding principles: high efficiency and strong flexibility. To 

minimize computational cost, the feature map is first reduced through global spatial pooling, after which TAM is applied in a channel-

wise manner to preserve efficiency. It consists of two branches, namely a local branch (L) and a global branch (g). The local branch 

learns a location-sensitive importance map that enhances discriminative features, while the global branch produces location-invariant 

weights that adaptively integrate temporal information through convolution. The TAM is formally formulated as follows:   

 

𝑌 =  𝒢(𝑋) ⊗ (ℒ(𝑋) ⊙  𝑋)                                                                                                                                                                                   (51) 

 

where ⊗ represents the convolution operation, and ⊙ denotes element-wise multiplication. 

The two branches target different aspects of temporal information: the local branch employs temporal convolution to capture 

short-term dependencies and emphasize important features, whereas the global branch leverages fully connected layers to model 

long-range temporal structure and guides adaptive temporal aggregation. 

Cui et al. [117] proposed the ConvTransformer Attention Network (CTAN), which consists of two main components: the 

Temporal Attention Block (TAB) and the ConvTransformer Block (CTB), designed for temporal action detection. Inspired by 

attention mechanisms used in the image domain, the TAB dynamically emphasizes temporal positions that contain prominent action-

related features. Meanwhile, the CTB models global transitions and captures fine-grained variations across adjacent video segments. 

The Temporal Attention Block (TAB) assigns weights to each temporal position based on the pre-extracted feature {𝑥𝑡}𝑡−1
𝑇  

When a temporal position contains action-related cues, such as motion information, TAB emphasizes that position to enhance its 

contribution. In contrast, if a temporal position primarily carries redundant details, such as background information, TAB suppresses 

it to reduce noise. 

As illustrated in Fig. 37, the Temporal Attention Block (TAB) introduces a novel attention mechanism that exploits inter-temporal 

dynamics in video sequences. To achieve this, both average pooling and max pooling are applied across the channel axis to extract 

temporal information from the feature map. This operation compresses the channel dimension, producing two temporal 

representations: 𝐹𝑎𝑣𝑔(𝑥) ∈  ℝ
𝑇 ×1 from average pooling, which aggregates channel-wise information and captures motion cues, and 

𝐹𝑚𝑎𝑥(𝑥) ∈  ℝ
𝑇 ×1  for the max-pooled features. from max pooling, which preserves the most discriminative features. These 

descriptors are then concatenated to form a joint feature representation 𝜓(𝑥) ∈ ℝ𝑇 ×2 , enriching the overall feature representation. 

The combined feature descriptor is subsequently processed by an adaptive convolution block composed of a 1D channel convolution, 

Layer Normalization (LN), and a ReLU activation. This block analyzes the fused representation to determine whether max-pooled 

or average-pooled features are more informative for capturing action-related patterns, thereby producing an initial attention map 

𝑀(𝑥)  ∈ ℝ𝑇 ×1. The attention map is then normalized using a sigmoid function, which is applied after the convolution to dynamically 

emphasize the most relevant features. This step forms the essence of the TAB attention mechanism and yields the final attention map, 

which can be expressed as: 

 

𝜓(𝑥) =  [𝐹𝑎𝑣𝑔(𝑥) ·  𝐹𝑚𝑎𝑥(𝑥)]                                                                                                                                                                               (52)                                                                            

𝑀(𝑥) =  𝜎 (𝐶𝑜𝑛𝑣(𝜓(𝑥)))                                                                                                                                                                                   (53) 

 

Here, 𝜎, denotes the sigmoid function, 𝐶𝑜𝑛𝑣 represents the 1D convolution layer followed by Layer Normalization and ReLU 

activation, and [·] indicates the concatenate operation. Given the attention map, a non-linear transformation is applied to the pre-

extracted features 𝑥𝑡 using a multi-layer perceptron (MLP) with two fully connected (FC) layers. To minimize parameter overhead, 

the MLP employs a hidden activation size of ℝ𝑇 ×𝐷.  

The feature representation derived from the TAB can be mathematically expressed as follows: 

 

𝑓𝑇𝐴𝐵 =  𝐿𝑁(𝑀𝐿𝑃(𝑥) ⊗  𝑀(𝑥)) =  𝐿𝑁 ((𝑤1 (𝑅𝑒𝐿𝑈(𝑤0(𝑥))))⊗  𝑀(𝑥))                                                                                           (54)   

 

Here, ⊗ represents the direct product operation, which combines the outputs of the MLP with the matrix 𝑀(𝑥), thereby 

enhancing the interaction among features extracted and processed by the TAB.  𝐿𝑁 and 𝑅𝑒𝐿𝑈 refer to the layer normalization and 

ReLU activation function, respectively. The weight matrices are denoted as 𝑊0 ∈  ℝ
𝑇 ×𝐷 and 𝑊0 ∈  ℝ

𝑇 × 𝐷0  . Furthermore, 𝐷 =
 𝐷0 ∕ 𝑟, where 𝑟 is the reduction ratio, and the value of 𝑟 is specified in the experiments section. 
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Fig. 37. Temporal Attention Block. 

3.11. Spatial-Temporal Attention 

Spatial and temporal attention jointly exploit the strengths of both mechanisms by adaptively selecting salient spatial regions and 

key frames. Numerous studies have applied spatiotemporal attention across diverse time-series tasks, with a particular focus on video 

analysis [118-125].  

Song et al. [126] propose an end-to-end multi-layered LSTM network that integrates both spatial and temporal attention 

mechanisms for action recognition. The spatial attention module automatically highlights the most important joints within each frame, 

while the temporal attention module assigns varying levels of importance across different frames. Fig. 38 illustrates the overall 

architecture, which consists of a main LSTM network along with spatial and temporal attention subnetworks. Owing to the strong 

interdependence among these three components, training the network remains a considerable challenge. 

 

 

Fig. 38. Overall design of an LSTM-based spatial-temporal attention network. 
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Yan et al. [127] introduced a novel spatial-temporal attention mechanism (STAT) within an encoder-decoder neural network for 

video captioning. When describing a video, humans generally emphasize semantically important spatial-temporal segments rather 

than recounting every detail. Following this intuition, before generating each target word, the decoder first identifies semantically 

relevant objects in each frame through spatial attention, and then applies temporal attention to capturing their movements and 

interactions across consecutive frames. Conventional temporal-only approaches often fail to detect crucial regions within frames, 

leading to recognition errors and loss of important details. The proposed STAT overcomes these issues by jointly modeling spatial 

and temporal structures, enabling the decoder to select significant regions within the most relevant temporal segments for accurate 

word generation. 

Liu et al. [128] introduced the Residual Spatial-Temporal Attention Network (R-STAN), a feed-forward convolutional network 

that integrates residual learning with spatial-temporal attention for video action recognition. This framework enhances the network’s 

focus on both spatial and temporal discriminative features. R-STAN adopts a two-stream architecture, where each stream is composed 

of stacked Residual Spatial-Temporal Attention Blocks (R-STABs). The spatial-temporal modules embedded within these residual 

blocks generate attention-aware representations across spatial and temporal dimensions, effectively minimizing redundant 

information. By leveraging residual learning, the model is able to construct a highly deep network capable of capturing complex 

spatial-temporal dependencies from video data. As the depth increases, the attention-aware features produced by successive R-

STABs adapt and evolve accordingly. The architecture of the Residual Spatial-Temporal Attention Block (R-STAB) is shown on 

Fig. 39.  

 

 

Fig. 39. The architecture of residual spatial-temporal attention blocks (R-STAB) [128]. 

 

Each block incorporates conventional convolutional layers together with temporal and spatial attention modules. To capture 

temporal weights across video segments, the feature detectors generated by the residual block are first transformed into feature 

detectors that represent a single segment. This transformation reframes the task of temporal weight learning as channel-wise weight 

learning. A spatial-wise average pooling operation is then applied to compress spatial information, followed by fully connected layers 

that extract temporal attention features and adjust the transformed feature detectors. The detectors are subsequently remapped to 

represent multiple video segments. Spatial attention is then derived using average pooling and a convolutional layer. Finally, the 

processed feature detectors are propagated to the next R-STAB in the network. 

3.12. Cross Attention  

Cross attention refers to the process where each element of a query sequence focuses on elements within a separate key/value 

sequence in order to extract the most relevant information. 

Lee et al. [129] introduce Stacked Cross Attention, a framework designed to uncover latent alignments by leveraging both image 

regions and sentence words as contextual cues to infer image-text similarity. The method applies cross attention in two sequential 

stages: Image-to-Text and Text-to-Image. In the Image-to-Text stage, the model attends to sentence words relative to each image 

region, then evaluates the importance of each region by comparing it with the attended sentence information to determine whether 

the region is mentioned. Similarly, in the Text-to-Image stage, the model attends to image regions for each word and then adjusts 

attention weights across the words accordingly. 
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The image-text cross attention process involves three steps: (a) computing cosine similarity for all image-text pairs; (b) calculating 

a weighted sum of the attention scores, where image-based attention is obtained via softmax; (c) applying LogSumExp pooling [130] 

to derive the final similarity score. These steps are mirrored for the Text-to-Image direction, except that in second step the weights 

are computed with a text-based softmax. 

Hou et al. [131] introduced the Cross Attention Network (CAN) to improve feature discriminability in few-shot classification. To 

address the unseen class challenge, they proposed the Cross Attention Module (CAM), which draws inspiration from human 

strategies in few-shot learning. When recognizing samples from unseen classes with only a few labeled examples, humans typically 

identify the most relevant regions between labeled and unlabeled samples. Similarly, CAM constructs a cross-attention map from 

both the class feature map and the query feature map, enabling the model to emphasize the target object. This process relies on 

correlation estimation and meta fusion to enhance discriminative capability by weighting features with cross attention maps. In 

addition, a transductive inference algorithm is employed to mitigate the data-scarcity problem by iteratively incorporating unlabeled 

queries into the support set, thereby making the class features more representative. 

The Cross Attention Module (CAM) models the semantic relationship between class and query features, enabling the network to 

concentrate on target objects and thereby strengthen the subsequent matching process. Fig. 40 depicts the architecture of the CAM. 

 

 

Fig. 40. (a) Cross Attention Module (CAM). (b) The Fusion Layer in CAM. 

 

CAM employs two main components: a correlation layer and a fusion layer. The correlation layer computes a correlation map 

between input class feature map (𝑃) and the query feature map (𝑄) using cosine distance, which guides the generation of cross-

attention maps. The fusion layer then takes the class correlation map 𝑅𝑝 as input and applies a convolutional operation with an 

𝑚 ×  1 kernel to fuse each local correlation vector into an attention scalar. A softmax function normalizes these scalars to obtain 

the class attention at the 𝑖𝑡ℎ position. Furthermore, a meta-learner adaptively generates the kernel based on the correlation between 

the class and query features. To achieve this, a global average pooling (GAP) operation is applied to extract an averaged query 

correlation vector, which is subsequently fed into the meta-learner. 

3.13. Axial Attention 

A straightforward extension of self-attention, axial attention [132] achieves an 𝑂 (𝑁(𝑑−1)/𝑑 )  savings in computation and 

memory for a d-dimensional input tensor with 𝑁 elements. It scales more efficiently with the dimension of input data. On modern 

accelerators, axial attention is simple to implement and does not require custom kernels to function.   

Axial attention maintains the original dimensions of the input data tensor and applies either masked or unmasked attention along 

one axis at a time. It focuses on a chosen axis 𝑘 of the tensor 𝑥, mixing information along that axis while treating the other axes as 

independent. This method is straightforward to implement. A common approach involves transposing the tensor so that axis 𝑘 aligns 

with the batch axis, applying standard attention mechanisms as a subroutine, and then reversing the transpose. Alternatively, this can 

be implemented using the Einsum operation, which is available in most deep learning libraries. 

When the data is an image, column attention is applied to allow information to be mixed within columns while preserving the 

independence of different columns. For analogous reasons, row attention is also required. On a square image of size 𝑁 =  𝑆 ×  𝑆, 

axial attention operates on 𝑆 sequences of length 𝑆 , resulting in a total computation of 𝑂(𝑆. 𝑆2 = 𝑂(𝑁 √𝑁) . This corresponds 

to an 𝑂( √𝑁) ) reduction in computation compared to standard self-attention. More generally, for a d-dimensional tensor with  

𝑁 =  𝑆𝑑, axial attention achieves 𝑂 (𝑁(𝑑−1)/𝑑  ) computation relative to standard attention. Since a single axial attention layer along 

one axis does not cover the entire receptive field, stacking two axial attention layers allows the model to capture a global receptive 

field 

Axial attention can be directly integrated into conventional Transformer layers to form Axial Transformer layers. These layers 
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retain the fundamental components of the original Transformer architecture, relying on the same core building blocks. 

3.14. Flash Attention 

FlashAttention is an optimized algorithm designed to accelerate the attention mechanism while reducing memory consumption. 

Transformers are often computationally expensive and memory-intensive on long sequences, as the time and memory complexity of 

self-attention scale quadratically with sequence length. Although various approximate attention methods have been proposed to lower 

computational complexity at the expense of model quality, they generally fail to provide significant improvements in actual wall-

clock runtime. 

Dao et al. [133] argue that a crucial yet often overlooked aspect in attention algorithms is IO-awareness. This involves accounting 

for memory read and write operations across different levels of GPU memory, including the faster on-chip SRAM and the slower 

high-bandwidth memory (HBM) [134].  

To address this, they introduced FlashAttention, an attention algorithm that computes exact attention while significantly reducing 

memory access. Its primary goal is to avoid repeated reading and writing of the attention matrix to and from HBM. This presents 

two main challenges: (i) performing the softmax reduction without access to the complete input, and (ii) avoiding storage of the large 

intermediate attention matrix required for the backward pass. To overcome these challenges, two established strategies are applied. 

First, the attention computation is reorganized by dividing the input into blocks and processing them in multiple passes, which enables 

the softmax reduction to be performed incrementally. Second, the softmax normalization factors from the forward pass are stored so 

that attention during the backward pass can be recomputed directly on-chip, which is faster than retrieving the intermediate attention 

matrix from HBM. 

FlashAttention is implemented in CUDA to enable precise control over memory access and to merge all attention operations into 

a single GPU kernel. Despite the increased number of floating point operations (FLOPs) [135] caused by recomputation, the 

algorithm executes faster and consumes less memory than standard attention, primarily due to the substantial reduction in HBM 

access. 

They further demonstrated that FlashAttention can serve as a foundational component for realizing the potential of approximate 

attention algorithms by mitigating their memory access overhead. As a proof of concept, they introduced block-sparse FlashAttention, 

a sparse attention variant that achieves a  2-4X speedup over FlashAttention and scales to sequence lengths of up to 64k. This approach 

demonstrates that block-sparse FlashAttention attains superior IO complexity compared to FlashAttention, with improvements 

proportional to the degree of sparsity. 

FlashAttention leverages the asymmetric GPU memory hierarchy to deliver significant memory savings and runtime acceleration. 

Nevertheless, its performance remains well below that of optimized general matrix-multiply (GEMM) operations [136] achieving 

only 25–40% of the theoretical peak FLOPs/s. This inefficiency arises from suboptimal work partitioning across thread blocks and 

warps on the GPU, resulting in low occupancy or redundant shared memory operations. To address these limitations, FlashAttention-

2 [137] was introduced with enhanced work partitioning. Specifically: (1) the algorithm is refined to reduce the number of floating 

point operations that are not matrix multiplications, (2) attention computation is parallelized, even for a single head, across multiple 

thread blocks to increase occupancy, and (3) tasks within each thread block are more evenly distributed among warps to reduce 

communication through shared memory. Collectively, these optimizations yield nearly a twofold speedup over the original 

FlashAttention. 

FlashAttention-3 [138] was also introduced, incorporating three key techniques to further improve performance on newer GPU 

architectures. These are: (1) overlapping computation and data movement through warp specialization, (2) interleaving block level 

matrix multiplication with softmax operations, (3) applying block quantization and incoherent processing that takes advantage of 

hardware support for FP8 (8-bit Floating Point) [139] low-precision arithmetic. 

 

4. Transformer  

As previously noted, the Transformer is one of the most prominent deep learning architectures that effectively employs the 

attention mechanism [20]. It operates using a self-attention-based encoder-decoder framework. The encoder is composed of a stack 

of identical layers, each containing two primary sublayers: the first is a multi-head self-attention mechanism, and the second is a 

position-wise fully connected feed-forward network. Additionally, residual connections [140] and layer normalization [141] are 

applied around each sublayer to facilitate stable and efficient training. The decoder generates the output sequence based on the 

intermediate representation produced by the encoder. Like the encoder, it also consists of a stack of identical layers, but with an 

added third sublayer. This additional sublayer applies multi-head attention over the encoder’s output, enabling the decoder to attend 

to relevant parts of the encoded input. Like the encoder, each sublayer in the decoder is wrapped with residual connections and 

normalization [142]. The complete architecture of the Transformer, illustrating both the encoder (left) and decoder (right), is shown 

in Fig. 41. 
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Fig. 41. The architecture of the Transformer model. 

 

Multi-Head Attention: The Transformer architecture utilizes a multi-head self-attention mechanism to improve its capacity for 

capturing relationships and dependencies among elements within a sequence (as discussed in Section 3.3). 

Position-wise Feed-Forward Networks: In addition to the attention sublayers, each layer of both the encoder and decoder 

includes a position-wise feed-forward network. This component is independently applied to each position in the sequence using the 

same transformation across all positions. The feed-forward network consists of two linear layers separated by a ReLU activation 

function, enabling non-linearity and richer representations. 

 

 𝐹𝐹𝑁(𝑥) =  𝑚𝑎𝑥(0, 𝑥𝑊1  + 𝑏1)𝑊2  +  𝑏2                                                                                                                                                          (55) 

 

Positional Encoding: Because the Transformer architecture does not rely on recurrence or convolution, it lacks an inherent 

mechanism to capture the sequential order of tokens. To compensate for this, positional encoding is introduced at the input stage of 

both the encoder and decoder stacks. These encodings are added to the input embeddings, leveraging the fact that both share the 

same dimensionality, 𝑑𝑚𝑜𝑑𝑒𝑙 . This addition enables the model to incorporate information about the relative and absolute positions 

of tokens, thereby enhancing its understanding of sequence structure. 

In the original Transformer design, positional information is encoded using sine and cosine functions at varying frequencies: 

 

{
𝑃𝐸(𝑝𝑜𝑠,2𝑖)  =  𝑠𝑖𝑛(𝑝𝑜𝑠/10000

2𝑖/𝑑𝑚𝑜𝑑𝑒𝑙)               

𝑃𝐸(𝑝𝑜𝑠,2𝑖+1)  =  𝑐𝑜𝑠(𝑝𝑜𝑠/10000
2𝑖/𝑑𝑚𝑜𝑑𝑒𝑙)           

                                                                                                                                           (56) 

 

where 𝑝𝑜𝑠 denotes the position and 𝑖 represents the dimension. Each dimension of the positional encoding follows a sinusoidal 

pattern, with wavelengths ranging geometrically from 2𝜋 to 10000⋅ This design was chosen to enable the model to easily capture 

relative positional relationships. Notably, for any fixed offset 𝑘, the encoding 𝑃𝐸𝑝𝑜𝑠+𝑘 be represented as a linear function of 𝑃𝐸𝑝𝑜𝑠. 
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Traditional sequence-to-sequence (Seq2Seq) models based on recurrent neural networks (RNNs) can be effectively replaced by 

attention-based architectures. In self-attention layers, the query, key, and value vectors are all derived from the same input sequence 

through different projection matrices. Unlike RNN, which require sequential, time-consuming training due to their iterative nature, 

Transformer models allow for fully parallelized training, enabling simultaneous learning of all input features. This significantly 

enhances computational efficiency and greatly reduces the training time required [143, 144]. 

Transformer architecture has demonstrated remarkable adaptability, leading to the development of numerous variants tailored to 

address domain-specific challenges. While the fundamental principles of the Transformer remain consistent, ongoing research has 

introduced various enhancements to improve its performance and adaptability for specialized applications. 

Transformer models are numerous and have been developed across a wide range of architectures, each tailored to specific tasks, 

data types, or performance requirements. They can be grouped in various ways based on their internal structure, intended application, 

training methodology, and other distinguishing characteristics. In this article, we aim to investigate the most common and practically 

useful among them. To bring clarity to this diverse landscape, we propose a principled taxonomy for the Transformer models covered 

in this survey, grounded in the application domains and architectural innovations introduced in their original papers. Our 

classification not only helps to highlight the evolution of the Transformer family but also serves as a practical guide for researchers 

and practitioners seeking to select or design models for specific problems. Fig. 42 presents a visual summary of the Transformer 

models discussed in this article, arranged according to the proposed taxonomy. 

We first examine models developed for Natural Language Processing (NLP) tasks, which can be divided into four subgroups. 

The first subgroup consists of encoder-only models, typically used for Natural Language Understanding (NLU) tasks such as text 

classification, named entity recognition (NER), and question answering (QA). The second subgroup comprises decoder-only models, 

which are designed for Natural Language Generation (NLG) tasks, including text generation, code synthesis, and creative writing. 

The third subgroup covers encoder-decoder models, commonly applied to sequence-to-sequence (seq2seq) tasks that require 

transforming an input sequence into an output sequence, examples include summarization, machine translation, and paraphrase 

generation. The last subgroup includes models specifically developed for processing long contexts, such as handling entire books, 

and long documents, where standard Transformers would struggle due to quadratic memory constraints. 

Next, we analyze a number of the most common Transformer models developed for computer vision tasks. We first 

examine patch-based models, which are widely used in image classification by dividing an image into fixed-size patches and treating 

them similarly to word tokens in NLP. The second group comprises hierarchical models, which progressively reduce spatial 

resolution while increasing feature depth, enabling efficient handling of large-scale images and dense prediction tasks. Additionally, 

we analyze specialized models such as DETR (Detection Transformer), designed for object detection, and ViViT (Video Vision 

Transformer), developed for video recognition.  

Lastly, we analyze Transformer models developed to achieve substantial gains in computational and memory efficiency. These 

models are particularly well-suited for deployment in resource-constrained environments, such as edge devices, mobile phones, or 

embedded systems, as well as for real-time tasks like online translation, speech recognition, and interactive AI assistants. By reducing 

the quadratic complexity of standard self-attention, these architectures enable practical deployment of Transformer-based solutions 

in settings where computational budgets are limited, without sacrificing task performance. 

 

 

Fig. 42. Visual taxonomy of Transformer models. 
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4.1. BERT 

Bidirectional Encoder Representations from Transformers (BERT) [145] is a multi-layer, bidirectional Transformer encoder 

specifically designed for unsupervised pre-training in natural language understanding (NLU) tasks. BERT is structured to learn deep 

bidirectional representations by conditioning on both the left and right context across all layers, allowing it to capture richer language 

features compared to unidirectional models. The BERT framework consists of two main phases: pre-training and fine-tuning. During 

the pre-training stage, the model is trained on large-scale unlabeled text using various pre-training objectives. In the fine-tuning 

phase, the pre-trained BERT model is adapted to specific downstream tasks by initializing it with the learned parameters and updating 

all parameters using labeled task-specific data. Although all downstream tasks start with the same pre-trained model, each task is 

associated with its own fine-tuned version. Fig. 43 illustrates the BERT architecture applied to a question-answering task. 

 

 

Fig. 43. Overall pre-training and fine-tuning procedures for BERT [145]. 

 

To enable BERT to effectively handle a wide range of downstream tasks, its input representation is designed to clearly encode 

both single sentences and sentence pairs (e.g., Question, Answer) within a single token sequence. BERT utilizes WordPiece 

embeddings [146] with a vocabulary size of 30,000 tokens. Each input sequence begins with a special classification token ([CLS]), 

whose final hidden state is used as a holistic representation of the sequence for classification-related tasks. When processing sentence 

pairs, both sentences are combined into a single token sequence. To distinguish between them, BERT uses two mechanisms: (1) a 

special separator token ([SEP]) is inserted between the sentences, and (2) a segment embedding is added to each token to indicate 

whether it belongs to sentence A or sentence B. This structured input format allows BERT to model relationships between sentences 

effectively. 

Fig. 44 shows that the input embedding is denoted by 𝑬, the final hidden representation of the special [CLS] token is represented 

as 𝐶 ∈ ℝ𝐻, and the final hidden vector corresponding to the 𝑖𝑡ℎ input token is denoted as 𝑇𝑖  ∈  ℝ
𝐻. Each input embedding is 

computed as the sum of the token embeddings, segmentation embeddings, and positional embeddings. 

 

 

Fig. 44. BERT input representation [145]. 
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Several studies have modified the BERT model to achieve better optimization. ALBERT [147] is designed to enhance BERT’s 

training speed and reduce memory usage by introducing two parameter reduction techniques. The first technique is factorized 

embedding parameterization, where the large vocabulary embedding matrix is decomposed into two smaller matrices, effectively 

decoupling the size of the hidden layers from the vocabulary embedding size. This allows for increasing the hidden dimensions 

without significantly enlarging the vocabulary parameters. The second technique involves cross-layer parameter sharing, which 

restricts parameter growth as the network depth increases. In a similar direction, TinyBERT [148] has been proposed to speed up 

inference and shrink model size while preserving accuracy. Additionally, PoWER-BERT [149] has been developed to enhance 

BERT’s inference efficiency. 

RoBERTa [150] demonstrates that the original BERT model was significantly undertrained. Its performance can be notably 

enhanced by extending training time, using larger batch sizes with more data, eliminating the next sentence prediction (NSP) 

objective, training on longer sequences, and applying dynamic masking strategies during training. In particular, RoBERTa adopts 

dynamic masking, removes the NSP loss by training on full sentences, utilizes large mini-batches, and incorporates a larger byte-

level BPE (Byte-Pair Encoding) vocabulary [151]. Similarly, SpanBERT [152] is introduced as a pre-training approach to improve 

representation learning and better predict text spans. SpanBERT builds upon BERT by (1) masking continuous random spans instead 

of individual tokens, and (2) training the span boundary representations to reconstruct the full content of the masked span, without 

depending on token-level predictions within the span. On the other hand, DistilBERT [153] shows that comparable performance to 

BERT can be achieved with significantly smaller models by employing knowledge distillation techniques [154]. 

DeBERTa [155] enhances RoBERTa by introducing two innovative techniques. The first is the disentangled attention mechanism, 

in which each word is represented by two separate vectors: one for content and one for position. The attention scores between words 

are computed through disentangled matrices that independently account for content and relative positional information. The second 

technique involves an improved mask decoder that incorporates absolute positional information within the decoding layer to better 

predict masked tokens during pre-training.  

In addition, a range of models has been developed based on or inspired by BERT architecture to serve domain-specific 

applications. These include FineBERT [156], MentalBERT [157], DocBERT [158] BERTimbau [159], ClimateBERT [160], 

RareBERT [161], BioBERT [162], and EHR-BERT [163]. 

4.2. GPT 

The Generative Pre-Trained Transformer (GPT), developed by OpenAI, is a class of Transformer-based models that has 

demonstrated exceptional performance in natural language processing (NLP) tasks through a two-phase training approach: 

unsupervised pre-training followed by supervised fine-tuning. 

In 2018, Radford et al. [164] introduced the original GPT framework, which enabled strong natural language understanding using 

a task-agnostic model. The approach involves pre-training the model on a large and diverse corpus of unlabeled text, enabling it to 

acquire substantial world knowledge and effectively capture long-range dependencies. This foundational knowledge is then leveraged 

during a fine-tuning phase on various discriminative tasks such as question answering, semantic similarity, entailment recognition, 

and text classification. Their results showed that generative pre-training followed by discriminative fine-tuning could significantly 

improve performance across these tasks. A notable feature of their method is the use of task-aware input formatting during fine-

tuning, which facilitates effective knowledge transfer with minimal changes to the model architecture. The fine-tuning process 

introduces only a small number of task-specific parameters, and downstream tasks are addressed by simply fine-tuning all pre-trained 

weights. 

Subsequent iterations of the model expanded its capabilities: GPT-2 [165] was released in 2019, followed by GPT-3 [166] in 

2020, and GPT-4 [167] in 2023, each bringing improvements in scale, performance, and generalization. 

4.3. Transformer-XL 

Transformer-XL [168], short for Transformer-Extra Long, was introduced to improve language modeling by enabling the capture 

of dependencies that extend beyond fixed-length contexts, all while maintaining temporal consistency. The model incorporates two 

key innovations: a segment-level recurrence mechanism, and a relative positional encoding scheme. Together, these components 

allow Transformer-XL to effectively model long-range dependencies and address the problem of context fragmentation, which often 

limits standard Transformer architectures. 

Segment-level Recurrence Mechanism: To overcome the constraints imposed by a fixed-length context window, Transformer-

XL incorporates a segment-level recurrence mechanism into its architecture. Specifically, the hidden state representations computed 

while processing each segment are cached and subsequently provided as supplementary context when the model processes the 

following segment. Although gradients do not propagate across segment boundaries, this design enables the network to draw upon 

information from earlier segments, thereby extending its effective context range, enhancing its capacity to model long-range 

dependencies, and preventing context fragmentation. Figure 44 illustrates the Transformer-XL model with a segment length of 4. 

To formalize this mechanism, consider two consecutive segments of length 𝐿, defined as 𝑆𝒯
 = [𝑆𝒯,1

 , … . . , 𝑆𝒯,𝐿
 ] and 𝑆𝒯+1

 =

https://www.sciencedirect.com/science/article/pii/S1532046424000236
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[𝑆𝒯+1,1
 , … . . , 𝑆𝒯+1,𝐿

 ]. Let the 𝑛-th layer hidden state sequence produced for the 𝒯-th segment 𝑆𝒯
  be denoted by ℎ𝒯

𝑛 ∈  ℝ𝐿×𝑑, where 

𝑑 is the hidden dimension. Accordingly, the 𝑛-th layer hidden state sequence for segment 𝑆𝒯+1
  is computed schematically as 

follows, 

 

{

𝒉̃𝒯+1
𝑛−1  =  [SG(𝒉𝒯

𝑛−1)  ∘  ℎ𝒯+1
𝑛−1],                                                                                                                                                                                         

𝒒𝒯+1
𝑛 , 𝒌𝒯+1

𝑛 , 𝒗𝒯+1
𝑛  =  ℎ𝒯+1

𝑛−1𝐖q
⊤, ℎ̃𝒯+1

𝑛−1𝐖k
⊤, ℎ̃𝒯+1

𝑛−1𝐖v
⊤,                                                                                                                                          (57)

𝒉𝒯+1
𝑛  =  Transformer − Layer(𝒒𝒯+1

𝑛 , 𝒌𝒯+1
𝑛 , 𝒗𝒯+1

𝑛 ).                                                                                                                                                 

 

 

Here, 𝑆𝐺(·)  denotes the stop-gradient operation, the notation [ℎ𝑢° ℎ𝑣]  represents the concatenation of two hidden state 

sequences along the length dimension, and W refers to the learnable model parameters. 

In contrast to the standard Transformer, the fundamental distinction is that the keys 𝑘𝒯−1
𝑛  and values 𝑣𝒯−1

𝑛  are conditioned on 

the extended context ℎ̃𝒯−1
𝑛−1 and ℎ𝒯

𝑛−1, which are cached from the preceding segment. This design choice is highlighted by the green 

paths in Fig. 45a. When applied across every pair of consecutive segments in a corpus, this mechanism effectively establishes a 

segment-level recurrence in the hidden states, allowing the effective context to extend well beyond the boundary of two segments 

alone. 

It is worth noting, however, that the recurrent dependency between ℎ𝒯+1
𝑛  and ℎ𝒯

𝑛−1 shifts one layer downward per segment, 

distinguishing it from the same-layer recurrence found in conventional RNN-based language models. As a result, the maximum 

possible dependency length scales linearly with both the number of layers and the segment length, i.e., 𝑂(𝑁 ×  𝐿), as illustrated by 

the shaded region in Fig. 45b. 

 

 

Fig. 45. Illustration of the Transformer-XL model with a segment length 4 [168]. 

 

Relative Positional Encodings: In the standard Transformer architecture, every position is assigned a unique absolute positional 

encoding (e.g., positions 1, 2, 3, …). However, when hidden states are reused from a prior segment, applying the same encoding 

scheme directly would result in both the cached and current tokens receiving identical absolute position indices, introducing a critical 

positional ambiguity. To circumvent this failure mode, the model instead encodes only relative positional information within the 

hidden states. Crucially, a query token only needs to know its relative distance to the keys it attends to, rather than their absolute 

positions within the sequence. 

4.4. XLNet 

XLNet [169] is a generalized autoregressive (AR) pretraining method that unifies the strengths of both autoencoding (AE) and 

autoregressive (AR) approaches through a novel permutation-based language modeling objective. Its architecture extends 

Transformer-XL by incorporating a two-stream attention mechanism, allowing it to effectively model bidirectional contexts while 

remaining compatible with the autoregressive training framework.  

XLNet was developed to integrate the complementary strengths of two distinct modeling paradigms: the bidirectional contextual 

understanding of BERT (an autoencoding model) and the strong generative capabilities of Transformer-XL (an autoregressive model), 

while overcoming the core limitations inherent to each. Since both autoregressive (AR) language modeling and BERT offer distinct 

yet complementary advantages, a fundamental question arises as to whether a single pretraining objective can unify the benefits of 

both approaches without inheriting their respective weaknesses. XLNet addresses this through the permutation language modeling 

objective, which preserves the strengths of AR modeling while simultaneously enabling the model to capture bidirectional contextual 

dependencies. Crucially, XLNet does not modify the natural left-to-right ordering of the input sequence. Rather, it alters the 

factorization order of the probability computation during the training phase. Specifically, for any given input sequence, XLNet 

stochastically samples a permutation of the token order at each training step and computes the conditional probability under that 

permuted factorization. 
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In addition, XLNet introduces two separate sets of hidden representations in place of a single unified representation. The Content 

Stream operates as the standard self-attention mechanism, encoding both the token itself and its surrounding context; it is employed 

for all tokens except the one currently being predicted. The Query Stream, by contrast, is a newly introduced stream that has access 

only to the positional embedding of the current token and the contextual information derived from other tokens via the content stream. 

Importantly, it has no access to the content of the token it is predicting. 

Additionally, two key techniques originally introduced in Transformer-XL, namely, the relative positional encoding scheme and 

the segment recurrence mechanism are incorporated into XLNet. Fig. 46 presents an overview of permutation language modeling in 

conjunction with the two-stream attention mechanism. 

 

 

Fig. 46. An overview of the permutation language modeling objective during training, incorporating the two-stream attention 

mechanism 

4.5. BART 

Bidirectional and Auto-Regressive Transformers (BART) [170] is a denoising autoencoder designed for pretraining sequence-to-

sequence models and can be applied to a wide variety of downstream tasks. It integrates two transformer models: BERT [145] as the 

bidirectional encoder and GPT [164], as the autoregressive decoder. The training process for BART involves (1) introducing noise 

into the text with an arbitrary corruption function and (2) training the model to reconstruct the original input. Its architecture follows 

the standard sequence-to-sequence Transformer design, employing a bidirectional encoder over the corrupted input and a left-to-

right autoregressive decoder. A major strength of this approach is the flexibility of the noise function, allowing for diverse 

transformations of the original text, including modifications to its length. 

Following GPT, In BART, ReLU activation functions are replaced to GeLUs [171] and parameters are initialized from N (0, 

0.02). The base model consists of 6 encoder and 6 decoder layers, while the large model uses 12 layers in each. The architecture is 

closely aligned with BERT but with two key differences: (1) each decoder layer incorporates cross-attention over the encoder’s final 

hidden layer, as in standard sequence-to-sequence transformers; and (2) BERT introduces an additional feed-forward network before 

word prediction, which BART omits. Overall, BART has roughly 10% more parameters compared to BERT model of equivalent 

size. 

BART demonstrates particularly strong performance when fine-tuned for text generation but also performs competitively on 

comprehension-based tasks. On a variety of text production tasks, BART delivers new state-of-the-art outcomes while performing 

comparably to RoBERTa [150] on discriminative tasks. 

4.6. Fast Transformer 

The Fast Transformer [57] introduces multi-query attention (as discussed in Section 3.3.1) as an alternative to traditional multi-

head attention, significantly reducing memory bandwidth usage and thereby improving processing efficiency. 

4.7. T5 

Text-to-Text Transfer Transformer (T5) [172] is a pre-trained language model built on the transformer architecture. It introduces 

a unified text-to-text framework, enabling the handling of any natural language processing (NLP) task by representing both inputs 
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and outputs as natural language sequences. The main concept behind T5 is to frame every text processing task as a “text-to-text” 

problem, accepting text as input and generating new text as output. This formulation makes it possible to apply the same model, 

training objective, optimization procedure, and decoding strategy uniformly across all tasks. T5 can be scaled flexibly by adjusting 

its parameter size, ranging from 60M up to 11B, which allows it to achieve strong performance across a wide set of NLP benchmarks. 

Additionally, it leverages a full-attention mechanism, which helps capture long-range dependencies and complex semantic 

relationships in text. T5 has been effectively utilized in multiple NLP applications, including machine translation, summarization, 

question answering, and sentiment analysis. The T5 model employs a standard encoder–decoder structure similar to the original 

Transformer, as shown in Fig. 47. 

 

 

Fig. 47. Architecture of the T5 model. 

 

Input tokens are first converted into embeddings and then processed by the encoder, which is organized into repeated blocks. 

Each block contains two core layers: a self-attention module followed by a small feed-forward network. Before each subcomponent, 

layer normalization [141] is applied, using a variant that rescales activations without introducing bias terms. After normalization, 

residual skip connections [140] combine each subcomponent’s input with its output. Dropout [173] is also applied across feed-

forward layers, skip connections, and attention modules at both the input and output of the encoder stack. 

The decoder mirrors this design but introduces an additional attention mechanism after each self-attention layer to incorporate 

information from the encoder. Additionally, the decoder's self-attention mechanism employs a type of autoregressive or causal self-

attention, which only permits the model to focus on previous outputs. The decoder’s final block projects into a dense layer w ith a 

softmax activation, whose weights are tied to the input embedding matrix. All attention mechanisms are divided into multiple heads, 

with their results concatenated before further processing. T5 uses a simplified positional encoding, where each embedding 

corresponds to a scalar value added directly to the logits used in attention computation. For efficiency, positional embeddings are 

shared across all layers, though within each layer, individual heads maintain distinct embeddings. 

A key aspect of T5’s text-to-text framework is the use of task-specific prefixes, which convert every NLP task into a text 

generation problem. For instance, in sentiment analysis, the model prepends the prefix “sentiment:” to the input sentence and 

produces “positive” or “negative” as the output. This approach enables a single model to handle diverse tasks without requiring 

modifications to its architecture or training objective [174].   
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4.8. Longformer 

Longformer [175] is a Transformer-based architecture designed to efficiently handle long documents, enabling a wide variety of 

document-level Natural Language Processing (NLP) tasks without the need for chunking inputs, shortening sequences, or relying on 

complex architectures to merge information across chunks. Its attention mechanism combines two components: a windowed local-

context self-attention and a task-driven global attention that incorporates inductive bias from the specific task. The local attention is 

primarily responsible for capturing contextual representations, whereas the global attention enables Longformer to generate full-

sequence representations required for prediction. In this model, the full self-attention matrix is sparsified through an “attention pattern” 

that specifies which input locations attend to each other. Unlike standard full self-attention, this attention pattern scales linearly with 

sequence length, making Longformer efficient for processing extended inputs.  

Fig. 48 illustrates the comparison between the full self-attention matrix and the attention configurations used in Longformer. In 

the sliding-window approach, each token attends to a fixed number of neighboring tokens, emphasizing local context. When multiple 

layers of this windowed attention are stacked, the receptive field expands, allowing higher layers to incorporate information from 

the entire sequence. With a window size 𝑤, each token attends to 
1

2
 𝑤  tokens on each side (Fig.48b). The computation complexity 

of this mechanism is 𝑂 (𝑛 ×  𝑤), which grows linearly with sequence length 𝑛. For a Transformer with 𝐿 layers, the receptive 

field at the top layer reaches 𝐿 ×  𝑤.  

 

 

Fig. 48. Comparing the full self-attention pattern and the configuration of attention patterns in Longformer. 

 

To expand the receptive field without adding computational cost, the sliding window can be “dilated,” similar to the approach 

used in dilated CNNs [176], where the window includes gaps of size dilation 𝑑 (Fig. 48c). In multi-head attention, each head 

calculates its own attention score, and using varied dilation settings across heads enhances performance. This setup allows some 

heads without dilation to capture local context, while others with dilation attend to longer-range context. 

Windowed and dilated attention alone lack the flexibility to capture task-specific representations. To address this, “global 

attention” is introduced at a few pre-selected input positions. This operation is defined symmetrically: tokens with global attention 

attend to all tokens in the sequence, and all tokens attend back to them. Fig. 48d illustrates a sliding window attention combined with 

global attention applied at selected custom positions. Because the number of such tokens is small compared to 𝑛 and does not scale 

with sequence length, the overall complexity of combining local and global attention remains 𝑂(𝑛). Although the choice of global 

attention locations is task dependent, it provides a straightforward way to incorporate inductive bias into the attention mechanism 

and is significantly simpler than prior task-specific methods that rely on complex architectures to merge information from smaller 

chunks of input. 

4.9. BIGBIRD  

BIGBIRD [177] employs a sparse attention mechanism that reduces the quadratic complexity of Transformers to linear, enabling 

improved performance on tasks requiring long contextual information. It serves as a universal approximator of sequence functions 

and is Turing complete, thereby retaining the expressive properties of the standard quadratic full-attention model. From a theoretical 

perspective, BIGBIRD leverages additional global tokens to maintain the model’s expressive capacity. The approach is inspired  by 

graph sparsification techniques and carefully examines where the proof of Transformer expressiveness fails when full attention is 

replaced with the proposed sparse attention pattern. 

The BIGBIRD model employs a generalized attention mechanism, applied in each Transformer layer to process input sequences. 

This mechanism is described by a directed graph 𝐷 where the vertex set is [𝑛]  =  {1, . . . , 𝑛}. The arcs (directed edges) specify the 

inner products that the attention mechanism will compute. For a node 𝑖 in 𝐷, let 𝑁(𝑖) denote its out-neighbors; then the 𝑖-th output 

of the generalized attention mechanism is defined as 
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𝐴𝑇𝑇𝑁𝐷(𝑋)𝑖 = 𝑥𝑖 + ∑𝜎 ( 𝑄ℎ(𝑥𝑖)𝐾ℎ(𝑋𝑁(𝑖))
𝑇
)

𝐻

ℎ=1

·  𝑉ℎ(𝑋𝑁(𝑖))                                                                                                                       (58) 

 

Here, 𝑄ℎ , 𝐾ℎ ∶  ℝ
𝑑 → ℝ𝑚 are the query and key functions, while 𝑉ℎ ∶  ℝ

𝑑 → ℝ𝑑 represents the value function. The symbol 𝜎 

denotes a scoring function such as softmax or hardmax, and 𝐻 indicates the number of attention heads. Additionally, 𝑋𝑁(𝑖) 
corresponds to the matrix created by stacking the vectors {𝑥𝑗 ∶  𝑗 ∈ 𝑁(𝑖)}, rather than all input tokens. 

When 𝐷 represents the complete digraph, the standard Transformer’s full quadratic attention mechanism [20] is recovered. The 

challenge of reducing self-attention’s quadratic complexity can therefore be formulated as a graph sparsification problem. It is well 

established that random graphs act as expanders and can approximate complete graphs in various ways, including through their 

spectral properties [178, 179]. For the sparse random graph used in the attention mechanism, two key requirements arise: a short 

average path length between nodes and a sense of locality. Based on this, sparse attention is introduced where each query attends to 

𝑟 randomly chosen keys (Fig. 49a).  

 

 

Fig. 49. Building blocks of the attention mechanism used in BIGBIRD. 

 

The second motivation for BIGBIRD is that many NLP and computational-biology datasets exhibit strong locality of reference. 

In this phenomenon, much of a token’s information can be inferred from its neighbors. To encode this locality, BIGBIRD uses a  

sliding-window attention pattern, for window width 𝑤, the query at position  𝑖 attends only to keys in the range 𝑖 − 𝑤/2 to 𝑖 +
 𝑤/2 (Fig. 49b). The design is complemented by a small set of global tokens that connect to every position to capture long-range 

dependencies (Fig. 49c). 

In particular, BIGBIRD is composed of three essential components: (1) every token attends to a group of 𝑟 randomly chosen 

tokens, (2) each token also attends to 𝑤 local neighboring tokens, and (3) a set of 𝑔 global tokens that interact with the entire 

sequence. The resulting attention mechanism for BIGBIRD (Fig. 49d) incorporates all three: each query attends to 𝑟 random keys, 

𝑤/2 neighboring tokens on either side of its position, and additionally includes 𝑔 global tokens. 

4.10. Performer 

Performer [180] is a Transformer variant designed to approximate full-rank softmax attention with theoretical accuracy guarantees 

while reducing computational requirements from quadratic to linear in both time and memory. Unlike methods that depend on 

structural assumptions such as sparsity or low-rank constraints, this approach achieves efficiency without such restrictions.  

To approximate softmax attention kernels, Performer introduces a novel method called Fast Attention Via Positive Orthogonal 

Random features (FAVOR+), which is also of independent interest for scalable kernel-based approaches. FAVOR+ can be applied 

to efficiently represent any kernelizable attention mechanism beyond softmax. This expressive capability is essential for enabling 

large-scale comparisons between softmax and alternative kernels, which standard Transformers cannot achieve, and for exploring 

optimal attention kernels. Performer is a linear model that remains fully compatible with standard Transformers while offering strong 

theoretical guarantees, including unbiased (or nearly unbiased) estimation of the attention matrix, uniform convergence, and low 

estimation variance. 

4.11. Linformer 

Large Transformer models have achieved remarkable success in delivering state-of-the-art performance across a wide range of 

natural language processing tasks. Nevertheless, their training and deployment become extremely expensive for long sequences, 
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since the Transformer’s standard self-attention mechanism requires 𝑂(𝑛2) time and memory relative to the sequence length. 

Wang et al. [181] demonstrated that self-attention can be efficiently approximated through a low-rank matrix, enabling a 

reformulation of the mechanism that scales linearly rather than quadratically in both time and memory. Their approach partitions the 

standard dot-product attention into multiple smaller components via linear projections, which together yield a low-rank representation 

of the original attention process. Building on this idea, they introduced Linformer, a model that delivers accuracy comparable to 

conventional Transformers while achieving substantial gains in computational and memory efficiency.  

 

 

Fig. 50. Multi-Head Linear self-attention (Linformer).   

 

In Linformer, a new self-attention mechanism is introduced that enables the contextual mapping 𝑃 ·  𝑉𝑊𝑖
𝑉 to be computed with 

linear time and memory complexity relative to sequence length. The proposed linear self-attention, illustrated in Fig. 50, is based on 

the idea of incorporating two projection matrices 𝐸𝑖  , 𝐹𝑖  ∈  ℝ
𝑛×𝑘  during the computation of keys and values. Specifically, the 

original key and value layers, 𝐾𝑊𝑖
𝐾  and 𝑉𝑊𝑖

𝑉 , which are of dimension (𝑛 ×  𝑑)  are projected into (𝑘 ×  𝑑)-dimensional 

representations using these matrices. Finally, the context embeddings for each ℎ𝑒𝑎𝑑𝑖  are computed as 𝑃̅ . (𝐹𝑖𝑉𝑊𝑖
𝑉). 

                             

ℎ𝑒𝑎𝑑𝑖 = 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊𝑖
𝑄 , 𝐸𝑖𝐾𝑊𝑖

𝐾 , 𝐹𝑖𝑉𝑊𝑖
𝑉)    = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥 (

(𝑄𝑊𝑖
𝑄(𝐸𝑖𝐾𝑊𝑖

𝐾)𝑇)

√𝑑𝑘
)

⏟                    
𝑃̅∶ 𝑛 × 𝑘

. (𝐹𝑖𝑉𝑊𝑖
𝑉)⏟      

𝑘 × 𝑑

                                                         (59) 

 

These operations require only 𝑂(𝑛𝑘)  time and space complexity. Consequently, by selecting a relatively small projected 

dimension 𝑘, such that 𝑘 ≪  𝑛, it becomes possible to greatly reduce both memory usage and computational cost. 

4.12. Reformer 

Although large Transformer models consistently achieve state-of-the-art performance across many tasks, training them is 



Farhad Mortezapour Shiri et al. 

49 

 

computationally costly, particularly on long sequences. Reformer [182] introduces two techniques to improve the efficiency of 

Transformers. First, dot-product attention is replaced with an attention mechanism based on locality-sensitive hashing (LSH), which 

reduces the complexity from 𝑂(𝐿2) to 𝑂(𝐿 𝑙𝑜𝑔 𝐿), where 𝐿 is the sequence length. Second, reversible residual layers are used 

instead of standard residuals, allowing activations to be stored only once during training rather than N times, where N is the number 

of layers.  

Reformer combines the modeling capacity of Transformer models with an architecture optimized for efficient execution on long 

sequences while keeping memory usage low, even in models with many layers. This makes large, high-capacity Transformer models 

more practical and accessible. Moreover, the ability to process long sequences allows Reformer to be applied to a variety of generative 

tasks. In addition to producing extended coherent text, it broadens the applicability of Transformer models to domains such as time-

series forecasting, music composition, and image and video generation. 

4.13. RoFormer 

RoFormer [183] is an improved Transformer that introduces Rotary Position Embedding (RoPE) to more effectively capture 

positional information. Positional encoding in general has proven useful within Transformer architectures, as it provides essential 

supervision for modeling dependencies between elements at different sequence positions. RoPE is a novel technique that encodes 

absolute positions through a rotation matrix while simultaneously incorporating explicit relative positional dependencies into the 

self-attention mechanism. Theoretical analysis shows that relative positions can be naturally expressed via vector operations in self-

attention, while absolute positional information is embedded through rotation. Importantly, RoPE offers several advantages, such as 

flexibility in sequence length, a natural decay of inter-token dependencies as relative distance increases, and the ability to integrate 

relative positional encoding into linear self-attention. 

RoPE incorporates Euler’s formula multiplication (𝑒𝑖𝜃 ) into query and key vectors as a relative positional embedding [184]. 

Specifically, for the 𝑛 − 𝑡ℎ query and 𝑚 − 𝑡ℎ query, where 𝒒𝑛 , 𝒌𝑚  ∈  ℝ
1×𝑑ℎ𝑒𝑎𝑑  , RoPE is applied as 

 

{

𝑞𝑛
′ = 𝑞𝑛𝑒

𝑖 𝑛 𝜃                                                                                                                                                                                                                   
                                                                                                                                                                                                                                   (60)

𝑘𝑚
′ = 𝑘𝑚𝑒

𝑖 𝑚 𝜃                                                                                                                                                                                                                

 

 

The (𝑛,𝑚) −th entry of the attention matrix is then computed as 

 

𝐴(𝑛,𝑚)
′ =  𝑅𝑒[𝑞𝑛

′ 𝑘𝑚
′∗] =  𝑅𝑒[𝑞𝑛𝑘𝑚

∗ 𝑒𝑖 (𝑛 − 𝑚)𝜃]                                                                                                                                                   (61) 

 

where Re [∙] denotes the real part of a complex number and ∗ indicates the complex conjugate. By applying these rotations 

𝑒𝑖𝜃𝑛 and 𝑒𝑖𝜃𝑚, RoPE incorporates relative positions (𝑛 − 𝑚), which depend directly on the token pair (𝑛,𝑚), into the attention 

matrix in a rotational form. In practice, RoPE transforms 𝒒𝑛, 𝒌𝑚  ∈  ℝ
1×𝑑ℎ𝑒𝑎𝑑   into complex vectors 𝒒̅𝑛 , 𝒌̅𝑚  ∈  ℂ

1×(𝑑ℎ𝑒𝑎𝑑/2). This 

is done by treating the (2𝑡)-th dimension as the real component and the (2𝑡 +  1)-th dimension as the imaginary component. With 

this formulation, RoPE yields the same attention value as 𝒒𝑛𝒌𝑚
𝑇 = 𝑅𝑒[𝒒̅𝑛𝒌̅𝑚

∗ ]  but with reduced computational overhead. 

Furthermore, RoPE employs multiple frequencies 𝜃𝑡 distributed across the channel dimensions of both query and key vectors. 

 

𝜃𝑡 = 10000
−𝑡/(𝑑ℎ𝑒𝑎𝑑/2), 𝑤ℎ𝑒𝑟𝑒 𝑡 ∈  {0, 1, … , 𝑑ℎ𝑒𝑎𝑑/2 }                                                                                                                           (62) 

 

In conclusion, the rotation matrix 𝑅 ∈  ℂ𝑁×(𝑑ℎ𝑒𝑎𝑑/2) is expressed as 

 

𝑅(𝑛, 𝑡) =  𝑒𝑖 𝜃𝑡𝑛                                                                                                                                                                                                       (63)               

 

and applied to the query and key using the Hadamard product ∘ as 

 

{

𝑞̅′ = 𝑞̄ ∘  𝑅                                                                                                                                                                                                                          

𝐾′ = 𝐾̄ ∘  𝑅                                                                                                                                                                                                            (64)     

𝐴′ =  𝑅𝑒[𝑞̄′𝑘̄′ ∗]                                                                                                                                                                                                                 

 

 



What is attention mechanism? A comprehensive survey of attention methods and transformer models  

 

50 

 

It should be noted that with RoPE, attention matrix A′ represents relative positions in the rotational form  𝑒i(n−m)θ𝑡  across 

𝑑ℎ𝑒𝑎𝑑/2  frequencies, this provides significant performance benefits to the Transformer, particularly for extrapolation during 

inference when dealing with periodic functions. 

4.14. ALiBi 

A key question is how models can extrapolate at inference time to handle sequences longer than those observed during training.  

[185] showed that the sinusoidal (absolute) position embedding approach prevents Transformers from extrapolating to inputs beyond 

the training length. Their study revealed that extrapolation can be enabled by modifying the positional representation method, though 

most existing approaches remain inefficient for this purpose. Rotary Position Embedding (RoPE) [183], and Relative Position 

embedding [186] are two substitutes for the original sinusoidal position embedding approach that offer better extrapolation. The 

superior of these, the T5 bias, requires more memory and parameters and is significantly slower than the sinusoidal method. 

To address these limitations, they proposed a simpler and more efficient method called Attention with Linear Biases (ALiBi). 

ALiBi serves as a straightforward replacement for prior positional methods and enables extrapolation. Instead of adding positional 

embeddings to word embeddings, ALiBi introduces a bias to the query-key attention scores, applying a penalty proportional to their 

distance. Beyond extrapolation, ALiBi achieves better perplexity than sinusoidal embeddings in smaller models (<1B parameters, 

trained on limited data), and comparable perplexity in large-scale billion-parameter models trained on extensive data. The method is 

easy to implement, does not add runtime overhead or extra parameters, and only requires a negligible increase in memory.  

In the standard Transformer architecture, positional embeddings are combined with word embeddings at the input layer. For a 

subsequence of length 𝐿, the attention sublayer calculates the attention score for the 𝑖th query 𝒒𝑖  ∈  ℝ
1×𝑑, (1 ≤  𝑖 ≤  𝐿) in each 

head, using the first 𝑖 keys  𝑲 ∈  ℝ𝑖×𝑑 , with 𝒅 denoting the head dimension:  

 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝒒𝑖𝑲
𝑻)                                                                                                                                                                                                      (65)                                       

 

The attention scores are then multiplied with the values to produce the output of the attention sublayer. In ALiBi, positional 

embeddings are never introduced at any stage of the network. The sole modification occurs after the query-key dot product, where a 

fixed, non-trainable bias is added: 

 

𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (𝒒𝑖𝑲
𝑻  +  𝑚  ∙ [−(𝑖 − 1), … ,−2,−1,0])                                                                                                                                         (66) 

 

Here, the scalar 𝑚 represents a head-specific slope that is predetermined before training begins. 

Fig. 51 illustrates the linearly biased attention mechanism. For each head, ALiBi introduces a constant bias (shown on the right 

of figure) to every attention score 𝒒𝑖  . 𝑲𝒋 (shown on the left of figure). As in the standard attention sublayer, the softmax function 

is applied to these scores, while the remaining computation remains unchanged. The scalar 𝑚 is a head-specific constant that is 

fixed and not updated during training. 

 

 

Fig. 51. The linearly biased attention method [185]. 
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4.15. Switch Transformers 

Switch Transformer [187] is proposed as a simple yet computationally efficient approach to scaling up the number of parameters 

in Transformer models. Switch Transformers represent a scalable and efficient approach for natural language learning. In this 

architecture, the conventional dense feed-forward network (FFN) layer of the Transformer is replaced by a sparse Switch FFN layer. 

In standard deep learning models, the same set of parameters is typically applied across all inputs. In contrast, Mixture of Experts 

(MoE) models [188] challenge this paradigm by dynamically selecting different parameter subsets for each individual input. This 

leads to a sparsely activated model architecture with an extremely large number of parameters, yet with a fixed computational cost 

per input. Despite the success of MoE models in several applications, their broader adoption has been limited due to challenges such 

as architectural complexity, high communication overhead, and instability during training. To overcome these issues, the Switch 

Transformer was introduced as a simplified version of the Sparsely-Gated Mixture of Experts (MoE) [189] It offers a design that is 

more interpretable, easier to train, and significantly more sample-efficient compared to dense models of equivalent size. 

4.16. LLaMA 

LLaMA [190] is a transformer-based language model that integrates a series of enhancements later proposed and adopted in 

various other architectures. 

Inspired by GPT3 [166], LLaMA improves training stability by normalizing the input of each transformer sub-layer rather than its 

output, using the RMSNorm [191] normalization function. Following PaLM [192], it replaces the ReLU activation with the SwiGLU 

[193] activation function to enhance performance. Furthermore, drawing from GPTNeo [194] LLaMA eliminates absolute positional 

embeddings and instead applies rotary positional embeddings (RoPE) [183] at every layer of the network. 

Several additional optimizations are introduced to accelerate training. First, an efficient implementation of the causal multi-head 

attention operator, inspired by [133, 195] is used to reduce memory usage and computation. Second, the amount of activation 

recomputation during the backward pass with checkpointing is minimized to further improve training efficiency. Finally, overlapping 

activation computation with inter-GPU communication over the network helps maximize throughput. 

4.17. Vision Transformer (ViT) 

The Vision Transformer (ViT) [22] is a novel architecture that adapts the Transformer framework for computer vision tasks such 

as image classification. Fig. 52 illustrates an overview of ViT. In this model, an input image is divided into fixed-size patches. While 

standard Transformers operate on 1D sequences of token embeddings, ViT processes 2D images by reshaping the input image 𝑋 ∈

ℝ𝐻×𝑊×𝐶  into a sequence of flattened 2D patches 𝑋𝑝  ∈ ℝ
𝑁×(𝑃2.𝐶) , Here, (H,W) denotes the original image resolution, 𝐶 is the 

number of channels, (P,P) is the spatial resolution of each patch, and 𝑁 =  𝐻𝑊/𝑃2 is the total number of patches, which also 

defines the input sequence length for the Transformer. Each patch is flattened and projected into a fixed-dimensional latent space of 

size 𝐷 using a trainable linear projection. The same latent dimension 𝐷 is maintained throughout all Transformer layers.  

 

{

𝑧0 = [𝑥𝑐𝑙𝑎𝑠𝑠; 𝑥𝑝
1𝐸; 𝑥𝑝

2𝐸;⋯ ; 𝑥𝑝
𝑁𝐸] + 𝐸𝑝𝑜𝑠                                                                                                                                                                   

𝐸 ∈ ℝ(𝑃
2·𝐶)×𝐷                                                                                                                                                                                                       (67)   

𝐸𝑝𝑜𝑠 ∈ ℝ
(𝑁+1)×𝐷                                                                                                                                                                                                              

 

 

The patch embeddings are the result of this projection. Like BERT's [class] token, the series of embedded patches(𝑧𝑜
𝑜 = 𝑋𝑐𝑙𝑎𝑠𝑠), 

is prepended with a learnable embedding, whose state at the Transformer encoder's output 𝑧𝐿
𝑜 represents the picture representation 

y (Eq. 22). 

 

𝑦 = 𝐿𝑁(𝑧𝐿
0)                                                                                                                                                                                                               (68) 

 

During pre-training and fine-tuning, 𝑧𝐿
𝑜. is connected to a classification head during pre-training and fine-tuning. At pre-training 

and fine-tuning times, an MLP with a single hidden layer and a single linear layer, respectively, implement the classification head. 

The patch embeddings are supplemented with position embeddings in order to preserve positional information. They also make use 

of the common learnable 1D position embeddings. The encoder receives the sequence of embedding vectors that are produced as 

input. MLP blocks and multi-headed self-attention are arranged in alternating layers to construct the Transformer encoder [20]. 

Before each block, the layer norm (LN) is applied, and after each block, residual connections are applied [196]. 
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Fig. 52. Vision Transformer (ViT) overview. 

4.18. Detection Transformer (DETR) 

Detection Transformer (DETR) [197] introduces a novel approach to object detection by leveraging transformers along with a 

bipartite matching loss to enable direct set prediction. The architecture of DETR is composed of three main components: a backbone, 

a transformer module, and prediction heads. The overall structure of DETR is notably straightforward and is illustrated in Fig. 53. 

 

 

Fig. 53. Architecture of the Detection Transformer (DETR) model. 

 

DETR employs a standard CNN backbone to extract a 2D feature representation from the input image. This feature map is then 

flattened and combined with positional encodings before being fed into the transformer encoder. The transformer decoder receives a 

fixed, small set of learned positional embeddings, referred to as object queries, and attends to the encoded features. Each output 

embedded produced by the decoder is subsequently passed through a shared feed-forward network (FFN), which is responsible for 

classifying the objects and predicting the corresponding bounding boxes. 
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4.19. DeepViT 

Zhou et al. [198] showed that, unlike convolutional neural networks (CNNs), which often improve in performance when made 

deeper, Vision Transformers (ViTs) quickly reach a saturation point as depth increases. As the transformer becomes deeper, the 

attention maps gradually converge and eventually become almost identical across layers. In other words, the feature maps in higher 

layers of deep ViT models tend to be nearly the same. This phenomenon, termed attention collapse, demonstrates that in deeper 

layers the self-attention mechanism fails to capture effective representations, thereby limiting the model’s potential performance 

gains. 

To address the issue of attention collapse and enable deeper scaling of Vision Transformers, the authors propose a simple, yet 

effective self-attention mechanism called Re-attention. This mechanism leverages the multi-head self-attention (MHSA) framework 

and regenerates attention maps through a learnable exchange of information across different attention heads. 

Specifically, they generate a new set of attention maps by dynamically aggregating the attention maps from different heads, using 

them as the basis. To achieve this, a learnable transformation matrix 𝛩 ∈  ℝ𝐻×𝐻  is defined and used to mix the multi-head attention 

maps into regenerated ones, which are then multiplied with 𝑉. The Re-attention mechanism is formally expressed as: 

 

𝑅𝑒 − 𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) =  𝑁𝑜𝑟𝑚(𝛩𝑇 (𝑆𝑜𝑓𝑡𝑚𝑎𝑥 (
𝑄𝐾𝑇

√𝑑
)))𝑉                                                                                                             (69) 

 

where the transformation matrix 𝛩 is multiplied with self-attention map 𝐴 along the head dimension. Norm is a normalization 

function which is applied to reduce layer-wise variance. 𝛩 is end-to-end learnable. 

4.20. Data-Efficient Image Transformers (DeiT) 

One of the main limitations of the Vision Transformer (ViT) is its high computational cost during training to achieve strong 

generalization performance. To address this issue, DeiT [23] was proposed as a more efficient alternative that does not require large-

scale datasets or extensive computational resources to attain competitive classification results. DeiT introduces a novel distillation 

strategy based on a distillation token, which functions similarly to the class token but is designed to mimic the label predicted by a 

teacher model. Both the class and distillation tokens participate in the attention mechanism within the transformer, allowing effective 

information transfer. This transformer-specific distillation approach significantly outperforms traditional distillation methods.  

4.21. T2T-ViT 

The Tokens-to-Token Vision Transformer (T2T-ViT) [199] is a vision Transformer architecture designed to overcome the 

limitations of the original Vision Transformer (ViT) by more effectively modeling image structural information and enhancing 

feature representation. 

While ViT tends to underperform compared to convolutional neural networks (CNNs) when trained from scratch on mid-sized 

datasets such as ImageNet [200], this performance gap is attributed to two main issues: 1) Its simplistic tokenization approach fails 

to capture important local structures such as edges and textures formed by adjacent pixels, resulting in low training sample efficiency. 

2) Its attention backbone contains redundancy, limiting feature expressiveness under constrained computational budgets and limited 

data. 

To address these challenges, T2T-ViT introduces two core innovations: 1) A layer-wise Tokens-to-Token (T2T) transformation, 

which progressively restructures images into tokens by recursively aggregating neighboring tokens. This enhances the model’s ability 

to capture local patterns while reducing token sequence length. 2) An efficient backbone architecture with a deep and narrow design, 

inspired by empirical insights from CNNs, which improves model capacity while maintaining computational efficiency. 

Notably, T2T-ViT reduces both the parameter count and multiply-accumulate operations (MACs) of standard ViT by 50%, while 

achieving over 3.0% higher accuracy when trained from scratch on ImageNet. It also outperforms ResNet models [111] and achieves 

performance comparable to MobileNet architectures [201] under the same training settings. 

4.22. CrossVit 

The Cross-Attention Multi-Scale Vision Transformer (CrossViT) [202] is a dual-branch vision transformer designed to learn 

multi-scale features, proposed to improve image classification accuracy. CrossViT employs a simple, yet effective token fusion 

scheme based on cross-attention, which integrates features across different scales with linear complexity in both computation and 

memory. 

Fig. 54 illustrates the architecture of the CrossViT model, which consists primarily of K multi-scale transformer encoders. Each 

encoder has two branches: (1) the L-Branch, a large primary branch that processes coarse-grained patches of size Pl, with more 
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transformer encoder layers and larger embedding dimensions; and (2) the S-Branch, a smaller complementary branch that handles 

fine-grained patches of size Ps, with fewer encoders and smaller embedding dimensions. The outputs of these two branches are fused 

L times throughout the network, and the final CLS tokens from both branches are used for prediction. as in ViT [22] , a learnable 

positional embedding is added to each token in both branches before entering the multi-scale transformer encoder to encode positional 

information. 

 

 

Fig. 54. The illustration of Cross-Attention Multi-Scale Vision Transformer (CrossViT) [202]. 

 

To efficiently integrate image patch tokens of different scales, a fusion mechanism based on cross-attention was developed to 

enable information exchange between the two branches in linear time. In this approach, each branch uses its CLS token as an 

intermediary to interact with the patch tokens of the other branch and then projects the exchanged information back to its own branch. 

Because the CLS token already summarizes high-level information from all patch tokens within its branch, interacting with tokens 

from the other branch introduces complementary scale information. After this fusion, the CLS token again interacts with its original 

patch tokens in the next transformer encoder layer, propagating the cross-branch information and enhancing the representation of 

each patch token.  

Fig. 55 illustrates the cross-attention module for the large branch; it collects patch tokens from the S-branch and concatenates its 

CLS token to them. The same procedure is applied to the S-branch by swapping the indices 𝑙 and 𝑠. 
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Fig. 55. Cross-attention module of CrossViT [202]. 

4.23. Pyramid Vision Transformer (PVT) 

Pyramid Vision Transformer (PVT) [203] is a Transformer-based architecture tailored for advanced visual prediction tasks such 

as semantic segmentation and object recognition. A high-level illustration of the PVT framework is presented in Fig. 56. 

Four steps in the process produce feature maps with varying scales. The architecture of each stage is the same and includes 𝐿𝑖 
Transformer encoder layers and a patch embedding layer. The initial step is splitting an input image of size 𝐻 ×𝑊 × 3, into 
𝐻𝑊

42
  patches, each of which is 4 × 4 × 3. After that, a linear projection is applied to the flattened patches, resulting in embedded 

patches with a size of 
𝐻𝑊

42
 × 𝐶1. A Transformer encoder with 𝐿𝑖  is then used to process the embedded patches and a position 

embedding. The result is then molded into a feature map 𝐹1 with a size of 
𝐻

4
×
𝑊

4
× 𝐶1Similarly, the following feature maps are 

produced utilizing the input feature map from the previous stage: 𝐹2, 𝐹3, and 𝐹4, whose distances from the input image are 8, 16, 

and 32 pixels, respectively. The feature pyramid {𝐹1, 𝐹2, 𝐹3, 𝐹4 }, makes it simple to use PVT for the majority of downstream tasks, 

such as semantic segmentation, object detection, and picture classification. 

The Pyramid Vision Transformer (PVT) offers several notable advantages for computer vision applications: (1) Unlike Vision 

Transformers (ViT), which often produce low-resolution outputs and demand high computational and memory resources, PVT 

supports training on densely partitioned images, enabling high-resolution outputs essential for dense prediction tasks. Additionally, 

it employs a progressive shrinking pyramid structure to reduce the computational burden associated with large feature maps. (2) PVT 

combines the strengths of both Convolutional Neural Networks (CNNs) and Transformers, serving as a unified, convolution-free 

backbone that can seamlessly replace traditional CNN architecture across a variety of vision tasks. (3) PVT significantly enhances 

the performance of multiple downstream tasks, including object detection, instance segmentation, and semantic segmentation. 
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Fig. 56. Overall architecture of Pyramid Vision Transformer (PVT) [203]. 

4.24. Swin Transformer 

The Swin Transformer [204] is a hierarchical Transformer model that constructs visual representations using a shifted window 

mechanism. This approach improves computational efficiency by restricting self-attention operations to non-overlapping local 

windows while still enabling cross-window connections to capture broader context. Thanks to its hierarchical structure, the Swin 

Transformer is capable of modeling visual features at multiple scales and maintains linear computational complexity with respect to 

image size. This makes it suitable for a wide range of computer vision tasks, including semantic segmentation, object detection, and 

image classification. 

An overview of the Swin Transformer architecture is shown in Fig. 57. The model first divides an input RGB image into non-

overlapping patches using a patch splitting module, similar to the strategy used in ViT. Each patch is interpreted as a "token," and 

its feature representation is initialized as a concatenation of the raw RGB pixel values. In the implementation described in [204], a 

patch size of 4 × 4 is used, resulting in a feature dimension of 4 × 4 × 3 = 48. This raw feature vector is then passed through a linear 

embedding layer, which projects it into a target embedding space of arbitrary dimensionality, denoted as C. 

 

 

Fig. 57. The architecture of a Swin Transformer [204]. 

 

On these patch tokens, a number of Transformer blocks with modified self-attention computation (Swin Transformer blocks) are 

used. "Stage 1" refers to the Transformer blocks and the linear embedding, which preserve the amount of tokens (
𝐻

4
×
𝑊

4
 As the 

network becomes deeper, patch merging layers minimize the number of tokens to create a hierarchical representation. The first patch 

merging layer applies a linear layer to the 4C-dimensional concatenated features after concatenating the features of each group of 

two-by-two neighboring patches. The output dimension is set to 2C, and the number of tokens is decreased by a multiple of 2×2 = 4 
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(2× downsampling of resolution). After feature transformation, Swin Transformer blocks are applied, maintaining the resolution at 
𝐻

8
×
𝑊

8
. "Stage 2" refers to this initial patch merging and feature transformation block. With output resolutions of 

𝐻

16
×
𝑊

16
 and 

𝐻

32
×
𝑊

32
, 

respectively, the process is performed twice as "Stage 3" and "Stage 4."  Together, these steps yield a hierarchical representation 

with feature map resolutions comparable to those of common convolutional networks, such as VGG [205] and ResNet [111]. 

Swin Transformer Block: This block is constructed by replacing the standard multi-head self-attention (MSA) module within a 

typical Transformer block with a shifted window-based attention module, while retaining the other components unchanged. As 

depicted in Fig. 58, a Swin Transformer block comprises a shifted window-based MSA (Multi-head Self Attention) module, followed 

by a two-layer MLP with a GELU activation function applied between the layers. Additionally, Layer Normalization (LN) is 

performed before both the MSA and MLP modules, and residual connections are applied after each of these modules. Thanks to the 

shifted window partitioning strategy, consecutive Swin Transformer blocks are computed as follows: 

 

ẑˡ = 𝑊 −𝑀𝑆𝐴 (𝐿𝑁(𝑧ˡ−1)) + 𝑧ˡ−1                                                                                                                                                                      (70)      

𝑧ˡ = 𝑀𝐿𝑃 (𝐿𝑁(ẑˡ)) + ẑˡ                                                                                                                                                                                         (71) 

ẑˡ+1 = 𝑆𝑊 −𝑀𝑆𝐴 (𝐿𝑁(𝑧ˡ)) + 𝑧ˡ                                                                                                                                                                        (72) 

𝑧ˡ+1 = 𝑀𝐿𝑃 (𝐿𝑁(ẑˡ+1)) + ẑˡ+1                                                                                                                                                                            (73) 

 

W-MSA and SW-MSA indicate window-based multi-head self-attention utilizing normal and shifted window partitioning 

configurations, respectively, whereas 𝑧̂𝑙 and 𝑧𝑙 l indicate the output features of the (S)W-MSA module and the MLP module for 

block l, respectively. 

The shifted window partitioning strategy establishes connections between adjacent non-overlapping windows from the preceding 

layer and has proven to be effective across various tasks such as image classification, object detection, and semantic segmentation.  

 

 

Fig. 58. Two successive Swin Transformer Blocks. 

4.25. TNT 

The Transformer in Transformer (TNT) model [206] is a vision Transformer designed for visual recognition tasks. It captures 

both local and global representations by employing a dual-transformer structure, consisting of an inner transformer for modeling 

fine-grained local features and an outer transformer for capturing broader contextual information. 

The Transformer-in-Transformer (TNT) architecture for visual recognition, as illustrated in Fig. 59, enhances the representational 

capacity of visual transformers by introducing a hierarchical structure.  
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Fig. 59. Transformer-in-Transformer (TNT) framework. 

 

Initially, input images are divided into patches referred to as “visual sentences,” which are further partitioned into smaller sub-

patches termed “visual words.” This design allows the model to capture more detailed visual features. In addition to the standard 

transformer blocks that operate on visual sentences to extract high-level features and attention maps, the TNT model embeds an 

additional sub-transformer to focus specifically on the features and interactions among visual words within each sentence. These 

word-level attentions and features are computed independently using a shared sub-network, ensuring that the increase in parameters 

and floating-point operations (FLOPs) remains minimal. The resulting word-level features are then aggregated into their 

corresponding visual sentence representation. A class token is included in the architecture and passed through a fully connected head 

for the final visual recognition task. The TNT framework enables the extraction of visual information at a finer granularity and 

provides features with more details. 

PyramidTNT [207] is an enhanced version of the original TNT model, incorporating a pyramidal architecture along with a 

convolutional stem to significantly improve its performance and representational capacity. 

4.26. Multiscale Vision Transformers (MViT) 

Multiscale Vision Transformers (MViT) [208] is a transformer-based architecture developed for visual data such as images and 

videos. Its main goal is to integrate the concept of multiscale feature hierarchies into the transformer framework. The model 

progressively increases feature complexity while reducing visual resolution in a hierarchical fashion. 

In contrast to conventional transformers, which preserve a fixed channel capacity and spatial resolution across all layers, 

Multiscale Transformers employ multiple channel-resolution “scale” stages. Starting from the original image resolution with a 

relatively small channel dimension, these stages progressively increase channel capacity while reducing spatial resolution. This 

process creates a multiscale pyramid of feature activations within the transformer, effectively bridging transformers with the concept 

of multiscale feature hierarchies. 

Fig. 60 illustrates the architecture of Multiscale Vision Transformers (MViT). In the initial layers, the model operates at high 

spatial resolution to capture simple low level visual details, thanks to its lightweight channel capacity. In contrast, the deeper layers 

focus on spatially coarser yet more complex features to capture high level visual semantics. The primary advantage of the multiscale 

transformer lies in its ability to leverage the dense nature of visual signals, a property that is even more pronounced in space time 

visual data such as videos. 

A noteworthy benefit of MViT design is the presence of strong implicit temporal bias. Vision transformer models trained on 

natural videos suffer no performance decay when tested on videos with shuffled frames. This indicates that these models are not 

effectively using the temporal information and instead rely heavily on appearance. In contrast, when testing the MViT model on 

shuffled frames, significant accuracy decay is observed, suggesting reliance on temporal information. 
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Fig. 60. The architecture of Multiscale Vision Transformers (MViT) [208]. 

4.27. ViViT 

The Video Vision Transformer (ViViT) [209] is a transformer-based architecture for video classification, inspired by the success 

of transformers in image classification. 

The central operation of this model is self-attention, applied to a sequence of spatio-temporal tokens extracted from the input 

video. To handle the large number of tokens in video data, the model employs factorization strategies along the spatial and temporal 

dimensions, improving both efficiency and scalability. To further support training on smaller datasets, the model incorporates 

regularization during training and leverages pretrained image models. Fig. 61 illustrates the ViViT architecture for video 

classification, while the right side of the figure depicts different factorization strategies corresponding to spatial and temporal 

attention patterns.  

 

 

Fig. 61. The architecture of ViViT model [209]. 

 

As shown in fig. 53 To effectively process a large number of spatio-temporal tokens, the four model variants are developed which 

factorise different components of the transformer encoder over the spatial- and temporal-dimensions. These factorisations correspond 

to different attention patterns over space and time.  

Model 1 (Spatio-temporal attention): In this model, all spatio-temporal tokens extracted from the video are passed directly 

through the transformer encoder. Tokens from all spatial and temporal positions are concatenated into an extended sequence and 

processed by a standard Transformer. Each transformer layer models every pairwise interaction among all spatio-temporal tokens 

and consequently captures long-range interactions across the video beginning with the first layer. However, due to this exhaustive 

pairwise modeling, Multi-Headed Self Attention incurs quadratic computational complexity in relation to the number of tokens. This 

complexity is especially relevant for video data, where the token count increases linearly with the number of input frames. 

Model 2 (Factorised encoder): This architecture comprises two distinct transformer encoders, as depicted in Fig. 62. The first, 

a spatial encoder, restricts its interactions to tokens sharing the same temporal index. Following 𝐿𝑠 layers, a representation ℎ𝑖 ∈
ℝ𝑑 is produced for each temporal index. This representation is derived either from an encoded classification token (if prepended to 
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the input) or from global average pooling applied to the spatial encoder's output tokens. The resulting frame-level 

representations ℎ𝑖  are concatenated into a matrix 𝐻 ∈ ℝ𝑛𝑡×𝑑 , which is subsequently processed by a temporal encoder 

comprising 𝐿𝑡 transformer layers. This temporal encoder models interactions between tokens originating from different temporal 

indices, and its output is then classified. Although this model incorporates more transformer layers (and thus more parameters) than 

Model 1, it demands fewer floating point operations (FLOPs). This reduction in complexity arises because the two separate 

transformer blocks yield a complexity of 𝑂((𝑛ℎ ⋅ 𝑛𝑤)
2 + 𝑛𝑡

2), in contrast to Model 1's 𝑂((𝑛𝑡 ⋅ 𝑛ℎ ⋅ 𝑛𝑤)
2). 

 

 

Fig. 62. An overview of the factorised encoder [209]. 

 

Model 3 (Factorised self-attention): This model has the same number of transformer layers as Model 1, but factorises the multi-

headed self-attention operation rather than computing it across all token pairs 𝑧𝑙 at layer 𝑙. As shown in Fig. 63, it first applies self-

attention spatially (across tokens sharing the same temporal index), then temporally (across tokens sharing the same spatial index). 

Each self-attention block thus models spatio-temporal interactions more efficiently than Model 1 by factorising the operation over 

two smaller sets of elements. As a result, this model achieves the same computational complexity as Model 2. 

 

 

Fig. 63. An overview of the factorised self-attention [209]. 

 

Model 4 (Factorised dot-product attention): This model achieves the same computational complexity as Models 2 and 3, while 

preserving the parameter count of the unfactorised Model 1. Within a given layer, spatial and temporal information are processed in 

parallel via a split of the attention heads: certain heads attend to spatial relationships, whereas others attend to temporal relationships. 

Although the factorisation of the spatial and temporal dimensions is analogous in spirit to Model 3, the distinction lies in the 

factorisation of the multi-head dot-product attention operation itself (Fig. 1). More concretely, attention weights for each token are 

computed independently over the spatial and temporal dimensions, employing different heads for each dimension. 

4.28. Deformable Attention Transformer (DAT) 

Employing dense attention mechanisms, such as those in ViT, results in high memory usage and computational overhead, and 

can cause feature representations to be influenced by irrelevant regions outside the area of interest. Conversely, sparse attention 

mechanisms used in models like PVT or Swin Transformer are data-agnostic and may restrict the network’s capacity to capture long-

range dependencies. To address these limitations, the Deformable Attention Transformer (DAT) [210] was proposed a hierarchical 
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vision Transformer adaptable for both image classification and dense prediction tasks. DAT introduces a novel deformable self-

attention module, where the key and value positions in self-attention are selected in a data-dependent manner. In this architecture, 

the standard multi-head self-attention (MHSA) layers of the Transformer are replaced by deformable attention modules and combined 

with MLPs to form deformable vision transformer blocks. This design allows the DAT model to learn sparse attention patterns 

dynamically based on input data and to effectively model geometric transformations in visual information. 

DAT adopts a pyramid structure that is broadly suited to a wide range of vision tasks requiring multiscale feature maps. As shown 

in Fig. 64, an input image of size 𝐻 ×𝑊 × 3 is initially embedded through a 4 × 4 non-overlapping convolution with a stride of 4, 

followed by a normalization layer, yielding patch embeddings of shape 
𝐻

4
 ×  

𝑊

4
 ×  𝐶 . A hierarchical feature pyramid is then 

constructed through a four-stage backbone with progressively increasing stride. 

Within the third and fourth stages of DAT, alternating local attention and deformable attention blocks are employed. Specifically, 

the feature maps are first processed by a window-based local attention module to consolidate local information, and subsequently 

forwarded through a deformable attention block to capture global dependencies among the locally enriched tokens. This interleaved 

design, combining attention blocks with both local and global receptive fields, enables the model to learn powerful and expressive 

representations. 

Deformable attention is not applied in the first two stages, for two primary reasons. First, these early stages are dedicated primarily 

to learning local features, a context in which deformable attention provides limited benefit. Second, the keys and values at these early 

stages span a large spatial extent, which substantially raises the computational overhead associated with dot product computations 

and bilinear interpolation operations within deformable attention. Consequently, deformable attention is reserved exclusively for the 

final two stages, while the earlier stages employ the shifted-window attention mechanism from Swin Transformer, ensuring more 

computationally efficient and effective local feature extraction. 

 

 

Fig. 64. An overview of the Deformable Attention Transformer (DAT) architecture. 

 

Figure 65 depicts the Deformable Attention module. As seen on the left, a set of reference points is uniformly distributed across 

the feature map. The offsets of these points are learned from the query features through an offset network. Using these deformed 

sampling locations, the corresponding keys and values are projected from the sampled feature representations, as illustrated on the 

right. Furthermore, a relative position bias is derived from the deformed points and integrated into the multi-head attention 

computation, which subsequently produces the transformed output features. 

 

 

Fig. 65. The Deformable Attention module. (a) Information flows within the deformable attention mechanism. (b) Detailed 

structure of the offset generation network, with the input and output feature map dimensions annotated for each layer. 
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4.29. Spiking Transformer 

Spiking Neural Networks (SNNs) have emerged as a promising alternative to traditional Artificial Neural Networks (ANNs), 

providing a biologically inspired and energy-efficient computational framework [211]. Unlike conventional deep learning models 

that process information through continuous-valued signals, SNNs rely on discrete spike sequences for both computation and 

communication. Spiking neurons transform continuous input values into spike sequences, with common examples including the 

Leaky Integrate-and-Fire (LIF) neuron [212] and PLIF [213], among others. 

Self-attention, the core component of the Transformer architecture, not only enables selective focus on relevant information but 

also mirrors important characteristics of human biological systems [214, 215]. Given these biological parallels, incorporating self-

attention into Spiking Neural Networks (SNNs) offers a promising direction for advancing deep learning. However, building 

Transformer-like models on SNNs requires a self-attention variant that is both effective and computationally efficient, particularly 

one that avoids multiplication operations.  

To address this, Zhou et al. [216] propose a novel Spiking Self-Attention (SSA) mechanism together with a powerful framework 

called Spiking Transformer (Spikformer), which leverages both the representational strength of self-attention and the biological 

efficiency of SNNs. Fig. 66 provides an overview of Spikformer. Given a 2D image sequence 𝐼 ∈  ℝ𝑇 ×𝐶×𝐻×𝑊1  , the Spiking Patch 

Splitting (SPS) module linearly projects it into a 𝐷 dimensional spike-form feature vector and then divides it into a sequence of 𝑁 

flattened spike-form patches𝑥. Since floating-point position embeddings cannot be used in SNNs, a conditional position embedding 

generator [217] is employed to produce spike-form relative position embeddings (RPE), which are added to the patch sequence𝑥 to 

obtain 𝑋0. This generator consists of a 2D convolution layer (Conv2d) with kernel size 3, batch normalization (BN), and a spiking 

neuron (𝒮𝒩) layer. The encoded sequence 𝑋0 is then fed into the L-block Spikformer encoder. Similar to the standard ViT encoder, 

each Spikformer encoder block comprises a Spiking Self-Attention (SSA) module and an MLP block, with residual connections 

applied to both. SSA, the central component of the encoder, efficiently models local and global image information using spike-form 

Query (Q), Key (K), and Value (V) representations, without relying on softmax. Finally, a global average pooling (GAP) layer is 

applied to the processed feature, producing a 𝐷-dimensional representation that is passed to the fully connected classification head 

(CH) to generate the prediction 𝑌. 

The Spiking Self-Attention (SSA) module first generates the query (𝑄), key (𝐾), and value (𝑉) using learnable matrices. 

These are then transformed into spiking sequences through distinct spike neuron layers: 

 

{

𝑄 = 𝒮𝒩𝑄 (𝐵𝑁(𝑋𝑊𝑄))                                                                                                                                                                                              

𝐾 =  𝒮𝒩𝑘(𝐵𝑁(𝑋𝑊𝐾))                                                                                                                                                                                      (74) 

𝑉 =  𝒮𝒩𝑣(𝐵𝑁(𝑋𝑊𝑉))                                                                                                                                                                                                

 

 

where 𝑄,𝐾, 𝑉 ∈  ℝ𝑇 ×𝑁×𝐷 . The attention matrix is computed using pure spike-form queries and keys, which contain only binary 

values (0 and 1). To control the potentially large results of matrix multiplication, a scaling factor s is introduced, following the design 

of vanilla self-attention [20]. Importantly, s does not alter the fundamental properties of SSA. As illustrated in Fig. 59, the spike-

friendly SSA is defined as: 

 

𝑆𝑆𝐴′(𝑄, 𝐾, 𝑉) =  𝒮𝒩(𝑄𝐾𝑇𝑉 ∗  𝑠)                                                                                                                                                                      (75) 

𝑆𝑆𝐴(𝑄, 𝐾, 𝑉) =  𝒮𝒩 (𝐵𝑁 (𝐿𝑖𝑛𝑒𝑎𝑟(𝑆𝑆𝐴′(𝑄, 𝐾, 𝑉))))                                                                                                                                   (76) 

 

Building on this foundation, Spike-driven Transformer [218] refines the architecture by introducing a novel self-attention block 

with masking and sparse addition to improve power efficiency. Inspired by MS-ResNet [219], it also redefines residual connections 

to propagate membrane potential rather than spikes. 

Subsequent studies extended these ideas, giving rise to models such as Spikingformer [220], Qkformer [221], Spike-driven 

transformer v2 [222], Spikresformer [223], SWformer [224], Spike2former [225], and the Spiking Transformer with Spatial-

Temporal Attention [226], each offering distinct optimizations for spike-based computation. 
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Fig. 66. The overview of Spiking Transformer (Spikformer) [216]. 

5. Application 

Attention models have emerged as a prominent research focus due to their intuitive nature, versatility, and interpretability. They 

have been applied across numerous domains, yielding significant performance gains and enabling improved representation learning 

for entities such as documents, images, and graphs. In certain applications, such as question answering, machine translation, 

document representations/embeddings, and graph embeddings, these models have fundamentally transformed the field, largely 

because of their substantial impact on task performance [38, 39]. 

Given the wide scope of applications, this work concentrates on the use of attention modeling within the domains of Natural 

Language Processing, Computer Vision, Recommender Systems, and Sensor Data Analysis. 

5.1. Natural Language Processing (NLP) 

In the Natural Language Processing (NLP) domain, attention mechanisms enable models to focus on the most relevant parts of 

the input sequence, align input and output sequences, and capture long-range dependencies. Natural Language Processing 

encompasses several core subdomains, including language modeling, machine translation, question answering, speech recognition, 

text summarization, text classification and representation, sentiment analysis, and the development of pre-trained language models. 

Language modeling involves predicting the next word, character, or token in a text sequence based on the preceding elements. 

It is a core task in natural language processing (NLP) and underpins many language-related applications. Language models typically 

operate in two main stages: pretraining and transfer learning. During pretraining, an objective function is used to learn the network’s 

initial parameters, capturing a general language representation. This is followed by the transfer learning phase, in which the pretrained 

parameters are adapted or fine-tuned for a specific downstream task. To correctly align input and output words, the attention layer 

guides the decoder in identifying which inputs are most important, enabling it to focus on the relevant context when generating each 

output token. Initially, both inputs and targets are converted into embeddings, which serve as initial word representations. The 

attention mechanism then leverages these encoded representations [227]. 

In machine translation (MT), question answering (QA), and automatic speech recognition (ASR), attention primarily enables the 

alignment of input and output sequences while capturing long-range dependencies. Neural Machine Translation (NMT) employs 

neural networks to translate text between languages, where sentence alignment, particularly in longer sentences poses a significant 

challenge. Attention mechanisms are a central factor behind the success of sequence-to-sequence (seq2seq) models in tasks such as 

NMT and ASR. In seq2seq models, attention operates over the encoded sequence to guide the decoder in determining which parts of 

the sequence should be translated or recognized [228].  

In automatic speech recognition (ASR) tasks, attention aligns acoustic frames by extracting information from anchor words to 

identify the primary speaker while suppressing background noise and competing speech. This ensures that only relevant speech 

information is passed to the decoder, offering a direct way to align each output symbol with specific input frames through selective 

noise decoding.  

In question answering (QA), attention enhances question understanding by focusing on the most pertinent parts of the question 

and leveraging memory networks to store large amounts of information, thereby supporting more accurate answer retrieval [179]. 
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Text classification involves assigning labels to text and has wide-ranging applications, such as topic labeling and spam detection. 

In these tasks, self-attention is primarily employed to construct more effective document representations [229].  

Attention mechanisms also play an important role in text/document summarization. In summarization tasks, attention addresses 

several critical challenges: (1) modeling important keywords, (2) generating summaries of abstract sentences, (3) capturing 

hierarchical sentence structure, (4) minimizing repetitions and inconsistencies, and (5) producing concise sentences while preserving 

semantic meaning [39]. 

In sentiment analysis, self-attention enables models to focus on the words most relevant for determining the sentiment of the 

input [230]. 

Table 1 highlights several notable studies that demonstrate the application of attention mechanisms across various areas of natural 

language processing (NLP). 

 

Table1. Attention methods in several natural language processing (NLP) sub-areas 

Tasks Methods References 

Language modeling 

Transformer 

Glam [231], Gopher [232], Chinchilla [233], 

LaMDA [234],  Palm [192], LLaMA [190], 

LLaMA 2 [235] 

Transformer-XL [168], Xlnet [169], Ernie 3.0 [236] 

GPT GPT-Neo [194], [237] 

Machine Translation 
Transformer [20], [238],[239] 

Cross-Attention [240] 

Question Answering 
Transformer [241], [242] 

Hierarchical Attention [243], [244] 

Automatic Speech Recognition (ASR) 
Transformer [245], [245], [246] 

BERT [247] 

Automatic Text Summarization 

 

Transformer [248], [249] 

BERT [250], [251] 

Text Classification and Representation 
Graph Attention Networks (GAN) [245], [252] 

Multi-head attention [253], [254] 

Sentiment Analysis 
Graph Attention Networks [74], [255], [256] 

BERT [257], [258], [259], [260] 

5.2. Computer vision 

Visual attention has become widely adopted in core computer vision (CV) tasks, allowing models to concentrate on the most 

relevant image regions while capturing structural long-range dependencies among different components. Key areas of application 

include image classification, segmentation, object detection, image and video captioning, image generation, object tracking, and 

action recognition. 

In image classification, attention mechanisms are used not only to identify and emphasize the most relevant regions within an 

input image but also to reduce the computational burden of CNNs by processing these regions at high resolution. Some approaches 

employ attention to automatically learn where to focus, highlighting the most informative areas, while others refine discriminative 

regions through feature recalibration or enhance ensemble predictors via attention. 

Unlike traditional multi-scale feature fusion methods that compress an entire image into a static representation, attention enables 

the network to selectively emphasize key features without requiring additional supervision. This avoids redundancy from generating 

multiple similar feature maps and instead highlights salient features most useful for the task. Attention modules have also 

strengthened semantic segmentation networks, yielding more effective models for pixel-wise recognition [261].  

Object detection seeks to predict a set of bounding boxes together with category labels for each object of interest. Visual attention 

significantly enhances this task by aiding in both object localization and recognition. 

Beyond detection, visual attention has demonstrated strong effectiveness in structured prediction tasks such as image/video 

captioning. This success is rooted in the principle that human vision does not process an entire scene simultaneously; rather, it 

selectively attends to specific regions of the visual space as needed. Instead of encoding an image into a fixed static vector, attention 

enables image features to adapt dynamically to the sentence context, yielding richer and more descriptive captions—particularly for 

https://link.springer.com/article/10.1007/s42979-022-01446-w
https://ieeexplore.ieee.org/abstract/document/10090693/
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cluttered scenes [102].  

In image generation, attention mechanisms selectively focus on regions of the input image while iteratively reconstructing 

specific scenes. They were first introduced into generative adversarial networks (GANs) [262] to address the challenges of modeling 

images with structural constraints. Self-Attention Generative Adversarial Networks (SAGANs) [263] extend convolutional GANs 

by incorporating self-attention, where the response at each position is computed as a weighted sum of features from all positions. 

This design allows for efficient modeling of long-range dependencies, surpassing convolution operations that are limited to local 

receptive fields. 

Object tracking in videos is a central problem in computer vision that has attracted significant research interest. Visual attention 

mechanisms address this challenge by directing the model to focus on the most relevant regions of the input, thereby enabling the 

extraction of more discriminative features. 

Likewise, attention provides substantial benefits for action recognition in videos by capturing spatial and temporal dependencies. 

Classical approaches often face difficulties in isolating informative motion patterns from sequences of frames. Attention mechanisms 

overcome this limitation by concentrating the network’s processing on the most relevant joints or motion features. 

Table 2 highlights several representative studies showcasing the application of attention mechanisms across diverse domains of 

computer vision. 

 

Table2. Attention methods in several computer vision (CV) sub-areas 

Tasks Methods References 

Image Classification 

Channel Attention Fcanet [89], [264], [265] 

Channel & Spatial Attention [266], [267],  [268] 

Vision Transformer (ViT) Crossvit [202], MViT [208], [269], MedViT [270], [271] 

Segmentation 

Cross attention [272], [273], [274] 

Criss-Cross Attention Ccnet [95], [275] 

Channel & Spatial Attention DANet [84], CS-Net [106], [276] 

Transformer 
Spike2former [225], Segmenter [277], Transunet [278], 

Oneformer [279] 

Object Detection 

Transformer 
DETR [197], ViT-YOLO [280], MViTv2 [281], SpikingViT 

[282] 

Channel & Spatial Attention SCANet [283], [284] 

Cross Attention [280], [285] 

image/video Captioning 

Channel & Spatial Attention Sca-cnn [102], [286], [287] 

Spatial -Temporal Attention STAT [127], [288] 

Transformer [289], [290], [291] 

Image Generation 

 
Transformer 

Cogview [292], Styleswin [293], Maskgit [294], Cogview2 [295], 

Muse [296] 

Object Tracking 

 

Spatial-Temporal Attention [297], [298], [299] 

Transformer Transtrack [300], Motr [301], Trackformer [302], [303] 

Video Action Recognition 
Spatial-Temporal Attention [304], [305] 

Transformer [306], Mm-vit [307],Svformer [308], [309] 

 

5.3. Recommender Systems 

Attention has been extensively applied in recommender systems, with key applications in session-based recommendation, 

sequential recommendation, and user and item representation learning. 

In session-based recommendation, attention is used to capture users’ short-term preferences by focusing on their most recent 

actions within a session. In sequential recommendation, it identifies the relative importance of past user interactions when 

predicting the next item. Furthermore, attention mechanisms aggregate features from user and item attributes to enhance 

representation learning. 

Table 3 summarizes several influential studies that demonstrate the use of attention mechanisms across different domains of 

https://www.researchgate.net/profile/Bao-Thien/publication/372548427_Channel_and_spatial_attention_mechanism_for_fashion_image_captioning/links/64dee25d14f8d17338082899/Channel-and-spatial-attention-mechanism-for-fashion-image-captioning.pdf
https://www.sciencedirect.com/science/article/pii/S0010482523002561
https://www.sciencedirect.com/science/article/pii/S0010482523002561
https://www.researchgate.net/profile/Bao-Thien/publication/372548427_Channel_and_spatial_attention_mechanism_for_fashion_image_captioning/links/64dee25d14f8d17338082899/Channel-and-spatial-attention-mechanism-for-fashion-image-captioning.pdf
https://link.springer.com/chapter/10.1007/978-3-030-32239-7_80
https://ojs.aaai.org/index.php/AAAI/article/view/32126
http://openaccess.thecvf.com/content/ICCV2021/html/Strudel_Segmenter_Transformer_for_Semantic_Segmentation_ICCV_2021_paper.html
https://arxiv.org/abs/2102.04306
https://openaccess.thecvf.com/content/CVPR2023/html/Jain_OneFormer_One_Transformer_To_Rule_Universal_Image_Segmentation_CVPR_2023_paper.html?ref=blog.roboflow.com
http://openaccess.thecvf.com/content/ICCV2021W/VisDrone/html/Zhang_ViT-YOLOTransformer-Based_YOLO_for_Object_Detection_ICCVW_2021_paper.html
https://ieeexplore.ieee.org/abstract/document/10586833/
https://www.researchgate.net/profile/Bao-Thien/publication/372548427_Channel_and_spatial_attention_mechanism_for_fashion_image_captioning/links/64dee25d14f8d17338082899/Channel-and-spatial-attention-mechanism-for-fashion-image-captioning.pdf
https://ieeexplore.ieee.org/abstract/document/8682746/
https://www.researchgate.net/profile/Bao-Thien/publication/372548427_Channel_and_spatial_attention_mechanism_for_fashion_image_captioning/links/64dee25d14f8d17338082899/Channel-and-spatial-attention-mechanism-for-fashion-image-captioning.pdf
http://openaccess.thecvf.com/content_cvpr_2017/html/Chen_SCA-CNN_Spatial_and_CVPR_2017_paper.html
https://ieeexplore.ieee.org/abstract/document/8744407/
https://ieeexplore.ieee.org/abstract/document/8744407/
https://proceedings.neurips.cc/paper/2021/hash/a4d92e2cd541fca87e4620aba658316d-Abstract.html
http://openaccess.thecvf.com/content/CVPR2022/html/Zhang_StyleSwin_Transformer-Based_GAN_for_High-Resolution_Image_Generation_CVPR_2022_paper.html
http://openaccess.thecvf.com/content/CVPR2022/html/Chang_MaskGIT_Masked_Generative_Image_Transformer_CVPR_2022_paper.html
https://proceedings.neurips.cc/paper_files/paper/2022/hash/6baec7c4ba0a8734ccbd528a8090cb1f-Abstract-Conference.html
https://arxiv.org/abs/2301.00704
https://search.ebscohost.com/login.aspx?direct=true&profile=ehost&scope=site&authtype=crawler&jrnl=15462218&AN=157555207&h=i2GFzQ8PUweFOobIEWlfILj%2FvDw7MhSsO7619VoPqcpqZKJJqRfo5tO9%2FmpUGYWHOvjwSLNk%2FRUPQVWzhkNQrw%3D%3D&crl=c
https://ieeexplore.ieee.org/abstract/document/8744407/
https://arxiv.org/abs/2012.15460
https://link.springer.com/chapter/10.1007/978-3-031-19812-0_38
http://openaccess.thecvf.com/content/CVPR2022/html/Meinhardt_TrackFormer_Multi-Object_Tracking_With_Transformers_CVPR_2022_paper.html
https://ieeexplore.ieee.org/abstract/document/8744407/
http://openaccess.thecvf.com/content/WACV2022/html/Chen_MM-ViT_Multi-Modal_Video_Transformer_for_Compressed_Video_Action_Recognition_WACV_2022_paper.html
http://openaccess.thecvf.com/content/CVPR2023/html/Xing_SVFormer_Semi-Supervised_Video_Transformer_for_Action_Recognition_CVPR_2023_paper.html
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recommender systems. 

 

Table 3. Attention methods in a number of subfields of recommendation systems 

Tasks Methods References 

Session-Based Recommendation Graph Attention [310], [311] 

Sequential Recommendation Transformer BERT4Rec [28], SSE-PT [312], [313] 

User and Item Representation Graph Attention KGAT [314], MGAT [315], [316], [317] 

5.4. Sensor Data Analysis 

The attention mechanism has demonstrated strong effectiveness in the sensor data domain, with key applications in time-series 

analysis, human activity recognition, predictive maintenance, robotics, environmental monitoring, and related areas. 

Sensor-based Human Activity Recognition (HAR) systems employ wearable or ambient sensors such as accelerometers, 

gyroscopes, and RFID devices to capture and classify human activities. Attention enhances these systems by focusing on the most 

informative time steps and identifying critical sensors or body parts, thereby improving recognition performance. 

Predictive maintenance applies data analysis and machine learning to forecast equipment or machinery failures, enabling timely 

maintenance before breakdowns occur. Sensor data such as vibration, temperature, pressure, sound, and current are commonly used. 

Attention mechanisms highlight critical sensor readings that indicate degradation or impending failure, while also detecting 

anomalies or rare events across long sequences. 

In robotics, sensors are essential for enabling robots to perceive and interact with their environment. They collect information 

about the surroundings, the robot’s internal state, and ongoing tasks, supporting functions such as control, navigation, object detection, 

and manipulation. Attention mechanisms play a crucial role by enhancing perception, decision-making, and control, allowing robots 

to focus on the most relevant aspects of their sensor data or environment. 

Environmental monitoring involves collecting, analyzing, and interpreting data on environmental conditions through diverse 

sensors and technologies. It is critical for detecting environmental changes, assessing pollution levels, and guiding policies related 

to sustainability and public health. Major domains include air quality monitoring, water quality monitoring, soil monitoring, and 

weather and climate monitoring. In this setting, attention mechanisms strengthen the analysis and interpretation of multi-sensor data 

by enabling models to prioritize the most relevant features, locations, and time steps, an especially important capability when 

handling large, noisy, and complex datasets. 

Table 4 highlights several significant studies that demonstrate the application of attention mechanisms across sensor-driven 

domains. 

 

Table 4. Attention mechanisms in sensor-based tasks 

Tasks Methods References 

Sensor-based HAR Transformer [318] [319], [320] 

Predictive Maintenance self-attention [321], [322] 

Robotics 
Graph Attention [323], [324], [325] 

Transformer [326],[327], [328] 

Environmental Monitoring 
Transformer [329], [330], [331], [331] 

Spatial-Temporal Attention [332], [333] 

6. Comparison of Models 

In the previous section, we reviewed a range of attention mechanisms and Transformer-based models. These models are designed 

to handle different tasks and pursue varied goals and have been evaluated on diverse datasets using a range of performance metrics 

tailored to their applications. As such, creating a unified and fully objective comparison is inherently difficult. Nevertheless, to 

improve clarity and support reader understanding, we present a comparative overview of these models. Table 5 presents a structured 

cross-model comparison, outlining the key attention mechanisms, results, core ideas, advantages, limitations, and applications of 

each model. The term "key attention mechanism" refers to the fundamental attention method employed by a given model, helping 

readers understand how attention mechanisms relate to effective, task-performing models. This table serves as a concise reference, 

highlighting both similarities and differences among the models while acknowledging the inherent limitations of cross-task 

comparisons. 

https://dl.acm.org/doi/abs/10.1145/3357384.3357895
https://dl.acm.org/doi/abs/10.1145/3383313.3412258
https://www.sciencedirect.com/science/article/pii/S0306457320300182
https://ieeexplore.ieee.org/abstract/document/8744407/
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Among NLP-focused architectures, a clear evolutionary trajectory is visible. BERT's bidirectional encoder provides rich 

contextual representations well-suited for understanding tasks such as sentiment analysis and question answering, while GPT's causal 

decoder is naturally designed for autoregressive generation, excelling in language modeling and open-ended text synthesis. T5 unifies 

both paradigms within a text-to-text encoder-decoder framework, treating every NLP problem as text transformation and achieving 

remarkable flexibility across diverse tasks without sacrificing architectural simplicity. XLNet addresses BERT's masked-token 

independence assumption which ignores dependencies among masked positions, through permutation-based language modeling, 

enabling bidirectional context within an autoregressive setting. BART introduces controlled denoising as a pretraining objective, 

corrupting input text with arbitrary noise and learning to reconstruct the original, making it particularly effective for sequence-to-

sequence generation and abstractive summarization. Switch Transformer demonstrates that sparse mixture-of-experts (MoE) layers 

can scale model capacity to trillions of parameters without proportional increases in computation by activating only a subset of 

experts per token. Meanwhile, LLaMA integrates Rotary Position Embedding (RoPE), SwiGLU activations, and RMSNorm into an 

efficient foundation widely adopted for instruction-following. 

A central tension across all surveyed models is the trade-off between computational efficiency and representational power. 

Standard multi-head self-attention scales quadratically with sequence length (𝑂(𝑛2)), imposing significant memory and time costs 

for long documents or high-resolution images. This bottleneck has motivated a wave of efficient attention variants. Linformer 

approximates self-attention through low-rank decomposition, achieving linear complexity while preserving key structural properties. 

Performer employs random feature approximations (FAVOR+) with theoretical accuracy guarantees, enabling unbiased or nearly 

unbiased estimation of the attention matrix. Reformer replaces dot-product attention with locality-sensitive hashing (LSH) to group 

similar keys into buckets, reducing complexity to 𝑂(𝑛log 𝑛). BigBird and Longformer adopt hybrid local-global attention patterns, 

combining sliding windows with a small number of global tokens to preserve long-range dependencies at linear cost. Critically, 

FlashAttention takes a fundamentally different approach: rather than approximating attention, it achieves exact attention with 

dramatically reduced memory bandwidth through IO-aware tiled computation and has become the de facto standard for large-scale 

training. This highlights that hardware-aware exact computation can outperform approximate methods in real wall-clock time. 

Another critical theme is the evolution of positional encoding strategies. The original Transformer relies on fixed sinusoidal 

embeddings that generalize poorly to sequences longer than those seen during training, a limitation known as limited length 

extrapolation. Transformer-XL addresses this through segment-level recurrence combined with relative position encodings, allowing 

context to persist across document boundaries and enabling memorization of long-range dependencies without recomputing hidden 

states from scratch. RoFormer introduces Rotary Position Embedding (RoPE), which encodes positions as rotation matrices applied 

directly to query and key vectors, naturally incorporating relative dependencies through a geometric formulation. RoPE now 

underpins modern large language models (LLMs) including LLaMA, and PaLM. ALiBi takes a yet more radical approach, replacing 

positional embeddings entirely with a fixed linear bias proportional to query-key distance, which penalizes attention scores for distant 

token pairs. This design enables strong extrapolation to sequences far longer than those seen during training with no additional 

parameters or compute overhead. Together, these schemes trace a trajectory from fixed sinusoidal embeddings toward lightweight, 

flexible, and inductive-bias-driven positional strategies that substantially improve length generalization. 

In computer vision, models architectures have evolved from CNN-based attention mechanisms to patch-based vision 

Transformers, and further to hierarchical or multi-scale designs, object detection frameworks, and video models. CNN-based 

attention models such as SENet, CBAM, R-STAN, and ECA enhance standard convolutional neural networks by injecting 

lightweight attention modules. These modules adaptively recalibrate feature responses, allowing CNNs to focus on informative 

channels or spatial regions with minimal computational overhead.  

The Vision Transformer (ViT) pioneered the application of a pure Transformer to image classification. It divides an image into 

fixed-size patches and processes them analogously to words in a sentence. However, ViT requires large-scale pre-training to 

compensate for its lack of inherent locality bias. DeiT mitigates this through knowledge distillation from a CNN, while T2T-

ViT addresses it via progressive token aggregation that captures local structure within patches. CrossViT demonstrates that dual-

branch cross-attention fusion outperforms single-branch models at comparable computational cost.  

Despite its success in classification, the original ViT employs a single-scale, uniform patch size throughout the network, which 

proves inefficient for dense prediction tasks such as segmentation or object detection. This limitation spurred the development 

of hierarchical Vision Transformers. PVT employs Spatial Reduction Attention (SRA) to reduce the size of keys and values before 

applying attention. Swin Transformer achieves linear complexity via a shifted-window mechanism and a hierarchical design, making 

it the dominant backbone for dense prediction. TNT (Transformer-in-Transformer) captures fine-grained details using two 

transformers: an inner Transformer processes sub-patches within a patch, while an outer Transformer processes the patches 

themselves. MViT leverages multi-scale pooling attention for effective image and video understanding. DAT introduces a 

deformable attention module that learns to focus on the most relevant parts of an image on the fly.  

For efficient object detection, the hybrid transformer architecture DETR (DEtection TRansformer) combines a conventional CNN 

backbone, a Transformer encoder–decoder, and learnable object queries to cast detection as a set prediction problem, eliminating 

many hand-designed components like anchors and non-maximum suppression. Finally, ViViT extends the Transformer architecture 

from images to videos. Its goal is to efficiently model complex spatiotemporal relationships across frames by factorising spatial and 

temporal attention, thereby reducing computational cost while capturing long-range dependencies. 
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Taken together, no single architecture dominates across all settings. Instead, model selection should be guided by the task type, 

dataset scale, domain, and compute budget. 

It is important to note that the results presented in Table 5 are taken directly from the original papers of the respective models, 

ensuring consistency with originally reported performance figures. While these models are typically available in multiple sizes, 

ranging from Tiny, Small, and Base to Large and X-Large, each offering different trade-offs between accuracy and computational 

cost, the results shown in Table 5 reflect only the performance of the Base variant. Larger variants such as Large or X-Large would 

likely yield higher accuracy, whereas smaller versions like Tiny or Small would offer greater efficiency at the cost of reduced 

performance. Readers should take this limitation into account when comparing models or selecting a variant for their specific 

application. 

 

  Table 5. Comparative analysis of different models. 

Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

Vanilia 

Transformer 

 

[20] NLP Multi-Head 

Attention 

(MHA) 

WMT 2014 

English-to-

German 

BLEU: 

27.3  

Original 

Encoder-

Decoder 

Transformer,  

Parallelizable, 

strong 

seq2seq 

performance 

Quadratic 

attention cost 

𝑂 (𝑛2),  

long-context 

issues 

Machine 

Translation, 

Seq2seq 

Tasks WMT 2014 

English-to-

France 

BLEU: 

38.1  

BERT [145] NLP Bidirectional 

Multi-Head 

Attention 

(MHA) 

 

GLUE [334] GLUE: 

80.5 

Bidirectional 

Encoder, 

Masked 

Language 

Modeling 

Deep 

contextual 

embeddings, 

Strong fine-

tuning 

Pre-training 

expensive, no 

generative 

ability 

Natural 

Language 

Understandin

g (NLU) 

tasks, 

(Question 

Answering 

(QA), Text 

Classification

) 

SQuAD v1.1 

[335] 

(question 

answering, 

QA) 

F1: 93.2 

SQuAD v2.0 F1: 83.1 

RoBERTa [150] NLP Bidirectional 

MHA 

 

GLUE GLUE: 

88.5 

Optimized 

BERT (longer 

training, more 

data, dynamic 

masking) 

Stronger 

performance 

than BERT 

Higher 

computational 

cost 

Natural 

Language 

Understandin

g (NLU) tasks 

ALBERT [147] NLP Bidirectional 

MHA 

 

GLUE GLUE:89.4 Optimized 

BERT 

(Parameter 

sharing + 

factorized 

embeddings) 

Lightweight, 

Efficient 

Relies on 

large-scale 

pretraining 

for good 

performance 

Natural 

Language 

Understandin

g (NLU) tasks 

SQuAD v1.1 F1: 94.1 

SQuAD v2.0 F1: 88.1 

GPT [164] NLP Multi-Head 

Attention 

(MHA) 

Tasks and 

datasets are 

various  

- Decoder-only, 

Autoregressive 

Powerful text 

generation 

Requires 

massive 

data/compute 

LLMs, 

Text/Code 

Generation 
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Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

Transformer-

XL 

[336] NLP Relative MHA  WikiText-103 

[337] 

PPL: 18.3 Segment 

recurrence + 

Relative 

positional 

encoding 

Handles long 

context 

Still quadratic 

attention cost 

Language 

Modeling, 

Long 

Sequences 

One Billion 

Word [338] 

PPL:21.8 

Penn 

Treebank 

[339] 

PPL: 54.52 

XLNet [169] NLP Permutation-

based MHA 

GLUE GLUE: 

87.4 

Permutation-

based training 

(bidirectional & 

autoregressive) 

Outperforms 

BERT on 

many 

benchmarks 

Complex 

training 

Natural 

Language 

Understandin

g (NLU) tasks 

SQuAD v1.1 F1: 94.0 

SQuAD v2.0 F1: 87.8 

BART [170] NLP BERT encoder 

+ 

GPT decoder 

(MHA) 

SQuAD v1.1 F1: 94.6 Encoder-

decoder, 

denoising 

autoencoder 

Good seq2seq 

generation 

Pre-training 

cost 

Seq2seq tasks 

Summarizatio

n, Translation 

SQuAD v2.0 F1: 89.2 

Fast 

Transformer 

[57] Efficient 

NLP  

Multi-Query 

Attention 

(MQA) 

WMT 2014  

English-to-

German 

BLEU: 

26.5 

Single key-

value per head, 

multiple queries 

Memory-

efficient 

Reduced 

Expressivenes

s  

Efficient 

Seq2seq tasks 

 

T5 [172] NLP Multi-Head 

Attention 

(MHA) 

Tasks and 

datasets are 

various  

-- Text-to-text 

unified 

framework 

General-

purpose 

multitask 

Huge pre-

training cost 

Seq2seq tasks 

Translation, 

summarizatio

n 

Longformer [175] NLP Local + Global 

Sparse 

Attention 

Tasks and 

datasets are 

various 

-- Sliding window 

+ local/global 

attention 

Handles long 

documents 

May miss 

some global 

context 

Document 

Classification

, QA 

BigBird [177] NLP Random+ Local 

+ Global Sparse 

Attention 

Tasks and 

datasets are 

various 

-- Random + 

window + 

global attention 

Linear 

complexity, 

universal 

Approximator 

More 

complex 

attention 

QA, text 

Classification

, text 

summarizatio

n 

Performer [180] Efficient 

NLP 

Kernel-based 

linear attention 

 

-- -- Fast Attention 

Via Positive 

Orthogonal 

Random 

features 

(FAVOR+) 

Linear 

scaling, 

efficient 

Kernel choice 

affects 

accuracy 

Efficient 

NLP, 

Long-

sequence 

tasks 
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Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

Linformer [181] Efficient 

NLP 

Multi-Head 

Linear Self-

Attention 

SST-2 [340] 

(sentiment 

classification) 

Acc: 93.2 Low-rank 

projection of 

keys/values 

Linear 

complexity

𝑂(𝑛) 

Approximatio

n may lose 

info 

Long 

sequence 

tasks 

IMDB [341] 

(sentiment 

classification) 

Acc: 94.2 

QNLI 

[335](natural 

language 

inference) 

Acc: 90.8 

QQP [342] 

(textual 

similarity) 

Acc: 90.5 

Reformer [182] Efficient 

NLP 

Locality-

Sensitive 

Hashing (LSH) 

Attention 

WMT 2014 

English-to-

German 

BLEU: 

29.1  

LSH attention + 

reversible 

residual layers 

Sub-linear 

attention cost 

𝑂(𝐿𝑙𝑜𝑔 𝐿) 

Approximatio

n errors 

Machine 

translation, 

Efficient NLP 

RoFormer [183] NLP Multi-Head 

Attention 

(MHA) 

WMT 2014 

English-to-

German 

BLEU: 

27.5  

Rotary Position 

Embedding 

(RoPE) 

Efficient 

relative 

position 

modeling 

Restrict 

expressivenes

s because of 

complex 

rotations in 

query-key  

Natural 

Language 

Understandin

g (NLU) tasks 

ALiBi [185] NLP Linearly Biased 

Attention 

Tasks and 

datasets are 

various 

- Linear bias for 

attention 

extrapolate to 

longer 

sequences 

than seen 

during 

training 

Limited 

Expressivenes

s 

Natural 

language 

generation 

tasks, 

LLMs 

Switch 

Transformer 

[187] NLP Multi-Head 

Attention 

(MHA) 

GLUE GLUE: 

85.2  

Use of Mixture 

of Experts 

(MoE) in 

Transformer 

Scales to 

trillion 

params 

efficiently 

Routing 

complexity 

Seq2seq tasks 

Large-scale 

LLMs Super 

GLUE [343] 

GLUE: 

73.0  

LLaMA [190] NLP Multi-Head 

Attention 

(MHA) 

Tasks and 

datasets are 

various 

- Use RoPE+ 

RMSNorm + 

SwiGLU to 

enhance 

performance 

Strong 

performance 

with fewer 

params 

Expensive to 

train, and run 

Natural 

language 

generation 

tasks, 
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LLMs 

Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

SENet  [78] Vision Channel 

Attention 

ImageNet 

[200] 

Top-1 acc: 

81.3 % 

Channel-wise 

attention 

Boosts 

channel 

importance 

Adds small 

overhead 

Image 

Classification 

Convolutional 

Block 

Attention 

Module 

(CBAM)  

[79] Vision Channel & 

Spatial 

Attention 

ImageNet Top-1 acc 

(ResNet101 

+ CBAM): 

78.49% 

 

Channel + 

spatial attention 

Combines 

spatial & 

channel 

Adds 

computation 

Image 

classification, 

object 

detection 

Residual 

Spatial-

Temporal 

Attention 

Network (R-

STAN) 

[128] Vision Spatial & 

Temporal 

Attention 

UCF101 Acc: 

92.7 % 

Residual spatial 

+ temporal 

attention 

Captures 

spatio-

temporal 

feature 

High memory Action 

Recognition 

in video HMDB51 Acc: 

64.4 % 

Efficient 

Channel 

Attention 

(ECA) 

[87] Vision Channel 

Attention 

ImageNet Top-1 acc: 

(ResNet + 

ECA): 

78.65% 

Lightweight 

channel 

attention 

Efficient, low 

overhead 

Slightly less 

expressive 

Image 

Classification 

ViT [22] Vision Patch-based 

MHA 

ImageNet  Top-1 Acc: 

79.8 % 

 

Transformer on 

image patches 

Competitive 

with CNNs at 

scale 

Require large 

scale data for 

pretraining 

Image 

classification 

DETR [197] Vision Multi-Head 

Attention 

(MHA)+ Cross 

attention 

COCO 

2017 [344] 

AP:42.0 

(ResNet-50 

backbones), 

AP:43.5 

(ResNet-

101 

backbones) 

Use CNN 

backbone+ 

Transformer 

Encoder + 

Transformer 

Decoder+ 

feed-forward 

network (FFN) 

No hand-

designed 

components,  

Unified 

Architecture, 

Global 

Context  

Slow 

Training 

Convergence, 

High 

Computationa

l Cost 

Object 

Detection 

DeepViT [198] Vision Patch-based 

MHA 

ImageNet Top-1 Acc: 

80.9 % 

Deeply stacked 

ViT 

Improved 

representation 

Training 

instability 

Image 

classification 

DeiT [23] Vision Patch-based 

MHA + 

distillation  

ImageNet Top-1 Acc: 

81.8 % 

Use distillation 

token for Data-

efficient ViT  

Works with 

small datasets 

Processes 

fixed-size 

patches  

Image 

classification 
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Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

T2T-ViT [199] Vision Patch-based 

MHA+ 

Progressive 

tokenization 

ImageNet Top-1 Acc: 

83.3% 

Tokens-to-

Token structure 

Reduces 

token 

redundancy 

Complexity Image 

classification 

CrossViT [202] Vision MHA + Cross 

Attention 

ImageNet Top -1 Acc: 

82.8 % 

Multi-scale 

patch tokens + 

Cross-attention 

Multi-scale 

fusion 

Complexity Image 

classification 

PVT [203] Vision Spatial-

Reduction 

Attention 

(SRA) 

(MHA with 

Spatial 

Reduction) 

 

ImageNet Top-1 Acc: 

81.7 % 

Pyramid 

Structure ViT 

Multi-scale 

feature 

extraction 

Complexity Image 

classification, 

Object 

detection, 

Semantic 

segmentation 

COCO 2017  AP: 40.4 

(RetinaNet 

framework 

[345]) 

ADE20K 

[346] 

mIoU: 

42.1% 

Swin 

Transformer 

[204] Vision Shifted window 

MHA 

 

ImageNet Top-1 Acc: 

83.3% 

Shifted window 

multi-head 

attention 

Efficient, 

hierarchical 

Still complex Image 

classification, 

Object 

detection, 

semantic 

segmentation 

ImageNet-

22k [347] 

Top-1 Acc: 

86.4 % 

COCO 2017  AP: 50.5 

(Cascade 

Mask R-

CNN 

framework 

[348]) 

ADE20K  mIoU: 

51.6% 

(UperNet 

[349]) 

TNT [206] Vision Patch-based 

MHA 

ImageNet Top -1 Acc: 

82.9 % 

Dual-

transformer 

(Inner 

transformer+ 

Outer 

transformer) 

Local + 

global 

features 

Higher 

compute 

Image 

classification 
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Model Reference Category Key Attention 

Mechanism 

Dataset Metric and 

results  

Key Idea / 

Innovation 

Advantages Limitations Application 

MViT [208] Vision Multi-Head 

Pooling 

Attention 

(MHPA) 

Kinetics-400 Top-1 Acc: 

81.2 % 

Multiscale ViT Efficient 

multi-scale 

features 

Complex Video 

Recognition, 

Image 

Recognition 

Kinetics-600 Top-1 Acc: 

84.1 % 

SSv2 [350] Top-1 Acc: 

68.7 % 

 ImageNet Top-1 Acc: 

84.8 % 

ViViT [209] Vision MHA + Spatial 

& Temporal 

attention   

Kinetics-400 

[351] 

Top-1 Acc: 

81.7 % 

Spatial -

temporal 

attention on 

video patches 

Captures 

video 

dynamics 

High 

memory/com

putation 

Video 

classification 

Kinetics-600 

[351] 

Top-1 Acc: 

82.9 % 

    

DAT [210] Vision Deformable 

Multi-Head 

Attention 

(DMHA) 

ImageNet Top-1 Acc: 

84.0 % 

Deformable 

self-attention 

Focuses on 

salient 

regions 

Complex Image 

classification, 

Object 

detection, 

semantic 

segmentation 

COCO 2017  RetinaNet: 

45.6 AP 

Cascade 

Mask R-

CNN: 51.3 

AP 

ADE20K  mIoU: 

50.5% 

(UperNet) 

Spikformer [216] Vision Spiking Self-

Attention (SSA) 

ImageNet Top-1 Acc: 

74.81 % 

Use of Spiking 

Neural 

Networks 

(SNNs) in  

Transformers 

Energy 

Efficiency 

Need 

Neuromorphi

c hardware 

Neuromorphi

c vision 

CIFAR100 Top-1 Acc: 

78.61% 

CIFAR10-

DVS [352] 

Acc: 80.9% 

DVS128 Acc: 98.3% 

 

Notes:  

The Bilingual Evaluation Understudy (BLEU) [353] is a commonly used metric for evaluating the quality of text produced by 

machines, especially in machine translation. The BLEU analyzes the overlap of n-grams (word sequences) to determine how closely 

the candidate text resembles a reference text. Three main factors go into its calculation: (1) n-gram accuracy between the reference 

and candidate texts; (2) a shortness penalty (BP) to lessen the impact of overly long or short phrases; and (3) clipping to take repetitive 

word occurrences into consideration. The precision is determined by dividing the number of n-grams in the candidate text by the 
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number of matching n-grams. In order to prevent overcounting of repeated n-grams in the candidate, BLEU employs clipping and 

counts the maximum frequency of each n-gram match across all references. When calculating modified precision, the original count 

is replaced by the clipped count, which is the minimum between the maximum reference count and the candidate count. The purpose 

of BP is to lessen the impact of sentence length on the BLEU score. When the candidate sentence is shorter than the reference 

sentence, BP is applied [354].  

The General Language Understanding Evaluation (GLUE) [334] benchmark is a collection of nine datasets designed to evaluate 

natural language understanding systems. It encompasses a variety of tasks across different datasets, including: Corpus of Linguistic 

Acceptability (CoLA) [355] for sentence acceptability; Stanford Sentiment Treebank (SST-2) [340] for sentiment analysis; Microsoft 

Research Paraphrase Corpus (MRPC) [356], Quora Question Pairs (QQP), and Semantic Textual Similarity Benchmark (STS-B) 

[357] for sentence similarity; Multi-Genre Natural Language Inference Corpus (MNLI) [358], Stanford Question Answering Dataset 

(QNLI) [335], and Recognizing Textual Entailment (RTE) (created by combination of RTE1 [359], RTE2, RTE3 [360], and RTE5 

[361]) for question answering, Winograd Schema Challenge (WNLI) [362] used for coreference resolution. The overall GLUE score 

is calculated by averaging the performance across all nine datasets. 

7. Research Directions and Future Aspects 

In recent years, attention mechanisms have become a central innovation in deep learning, shaping much of the field’s progress 

through profound breakthroughs. The framework discussed in this study offers an integrated perspective on their core principles and 

functionality. Despite these advances, many research avenues remain underexplored, providing ample opportunity for future 

discoveries and contributions. Closing these gaps could elevate the state of the art and encourage wider integration of advanced 

attention-based strategies in deep learning practice. This section highlights critical issues and challenges that warrant further 

investigation and development. 

7.1. Computational Complexity 

Attention-based architectures, particularly large-scale models such as Transformers, face a major limitation that their 

computational and memory requirements grow quadratically with sequence length due to the self-attention mechanism (𝑂(𝑛²)). This 

quadratic scaling quickly becomes impractical for very long inputs. A significant strand of current research therefore aims to design 

methods that approximate or restructure attention to achieve linear complexity, while still preserving model accuracy and 

effectiveness. 

The design of the attention distribution function is a key factor in shaping the computational demands of attention mechanisms. 

Some research [363, 364] indicates that refining this function can lead to more efficient attention operations, reducing overall 

computational cost without compromising performance. 

Choromanski et al. [180] introduced Performers, a Transformer variant designed to approximate full-rank softmax attention with 

theoretical accuracy guarantees while reducing computational requirements from quadratic to linear in both time and memory, as 

discussed in Section 4.10. 

Wang et al. [181] demonstrated that self-attention can be efficiently approximated through a low-rank matrix, enabling a 

reformulation of the mechanism that scales linearly rather than quadratically in both time and memory. Building on this idea, they 

introduced Linformer, a model that delivers accuracy comparable to conventional Transformers while achieving substantial gains in 

computational and memory efficiency, as discussed in Section 4.11.  

Dao et al. [133] proposed FlashAttention, an optimization that accelerates attention computations while also reducing memory 

overhead. A key contribution of this work is the emphasis on IO awareness, which accounts for the cost of reading and writing across 

the different levels of GPU memory, as discussed in Section 3.14. 

7.2. Generalization 

Achieving strong generalization in attention models continues to be a major challenge. Many current approaches are designed for 

narrow applications and tend to deliver strong performance only within those limited contexts. For example, channel and spatial 

attention mechanisms often yield excellent results in classification tasks, since attention methods are typically optimized for high-

level processing. However, their effectiveness decreases when applied to low-level vision problems. A promising research direction 

is to investigate how attention strategies developed in one domain can be successfully transferred and adapted to other domains [365].  

7.3. Multi-Modal Applications 

In recent years, multimodal applications have expanded rapidly, with attention mechanisms playing a central role in advancing 

multimodal learning. Multimodality is especially important for tackling complex tasks, as it enables models to capture synergistic 

relationships across different inputs, even when they are not temporally aligned. This has facilitated the development of increasingly 

advanced applications, including Human Communication Comprehension (HCC) [366],Visual Question Answering (VQA) [367], 



Farhad Mortezapour Shiri et al. 

75 

 

emotion recognition [368], Text-to-image generation [369], and image/video captioning [370, 371].  

Despite these advances, most existing work has concentrated on pairs of modalities, such as visual-textual [372], image and sound 

data [373], image and infrared data [284]. Architectures capable of efficiently handling more than two modalities remain relatively 

underexplored. There is still not enough work on multimodal learning that examines voice data, RGBD images, images from 

monocular cameras, and data from sensors, including accelerometers, gyroscopes, GPS, RADAR, and biological sensors.  

Attention models hold promise for predicting relationships across labels, actions, and attributes within a unified framework. One 

potential direction is to integrate these attention mechanisms into graph attention networks, thereby producing models better suited 

to heterogeneous multimodal inputs. 

7.4. Interpretability 

Attention modules process very high-dimensional features, particularly in deep networks with many layers, which makes 

interpreting attention patterns and visualizing individual weights extremely difficult. Although several visualization strategies have 

been proposed, none provide a universally reliable solution across all modules. Moreover, different methods often emphasize distinct 

aspects of attention, which can sometimes yield inconsistent or even contradictory interpretations. A major challenge is to design 

visualization techniques that capture essential information without oversimplifying or distorting the underlying patterns. 

Understanding how attention weights relate to model interpretability remains an open area of research [374]. Future work could 

investigate the distribution of attention in existing models and explore how modifications to these distributions might yield more 

transparent explanations of model predictions. 

7.5. Integration with External Memory 

Applications such as Question Answering (QA) and chatbots require the capability to retrieve and learn from information stored 

in a database of facts. In these settings, the network receives both a knowledge base and a query, where only certain facts are directly 

relevant to the query. Combining attention mechanisms with external memory forms a key concept at the intersection of sequence 

modeling, reasoning, and memory-augmented neural networks. External memory is used to store the fact database, while attention 

selectively identifies and focuses on the most relevant pieces of information. This integration enables models to better manage long-

term dependencies, reasoning, and compositional tasks compared to using attention or memory alone. 

Although integrating attention with external memory is a powerful approach, it faces significant challenges. These include 

scalability concerns due to costly large-scale memory access, the difficulty of accurate information retrieval, complexities in memory 

management such as forgetting, updating, and compression, issues of training stability, the challenge of balancing generalization 

with consistency across parametric and non-parametric knowledge, and gaps in evaluation caused by the lack of standardized 

benchmarks. Over time, multiple models and techniques have been developed to explicitly or implicitly merge attention with external 

memory, particularly within Large Language Models (LLMs). Examples include Retrieval-Augmented Generation (RAG) [375], 

Retrieval-Enhanced Transformer (RETRO) [376], Perceiver IO [377], and Mamba [378]. 

7.6. Attention for Reinforcement Learning (RL) 

Reinforcement learning (RL) is a branch of machine learning concerned with sequential decision-making, where the aim is to 

learn mappings from states to actions that maximize long-term reward [21]. An RL agent typically operates with a well-defined 

objective and relies on four central elements: the policy, reward, value, and environment models. The policy specifies the agent’s 

course of action, while the environment provides evaluative feedback in the form of rewards. In fact, the environment model captures 

the dynamics of the surroundings, enabling the agent to interpret its context more effectively and improve decision-making. This 

framework allows the agent to train efficiently over many cycles without requiring explicit background information [379]. 

A valuable line of future research is the application of attention mechanisms within reinforcement learning and multi-agent 

settings. Such integration has the potential to enhance how information is processed and to support more effective decision-making. 

One of the persistent difficulties in reinforcement learning is the Credit Assignment Problem (CAP), which arises when agents 

must connect their actions with delayed or long-term consequences. Overcoming this challenge is critical for applying RL effectively 

in real-world environments, where feedback is often noisy, arrives with delays, or lacks clear causal information [380]. Incorporating 

attention mechanisms has been suggested as a promising direction for advancing solutions to the credit assignment problem [381-

383].  

Multi-Agent Reinforcement Learning (MARL) enables agents to learn through trial and error how to optimize cumulative rewards. 

Accurately characterizing and modeling the dynamics of multi-agent systems is vital for real-world applications, including 

autonomous driving and cooperative gaming. Recent work has shown that attention mechanisms can be employed [384-386] to better 

represent interactions among agents. In particular, attention has been used to capture how multi-agent behaviors emerge, as well as 

to identify distinct agent groups and the ways in which they coordinate with one another. 

7.7. Auto Learning Attention 

https://ieeexplore.ieee.org/abstract/document/9191019/
http://openaccess.thecvf.com/content/WACV2021/html/Koh_Text-to-Image_Generation_Grounded_by_Fine-Grained_User_Attention_WACV_2021_paper.html
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Neural architecture search (NAS) has recently demonstrated superior performance over manually designed architectures across a 

variety of tasks [387]. An important question is whether NAS can also be leveraged to discover effective architectures for higher-

order attention mechanisms. To explore this, Ma et al. [388] introduced Higher-Order Group Attention (HOGA), a module designed 

through automated search. HOGA is represented as a Directed Acyclic Graph (DAG), in which groups correspond to nodes and 

edges denote heterogeneous attention operations. This formulation makes it possible to capture higher-order attention patterns, while 

a differentiable search process is employed to efficiently determine the most suitable configuration. 

8. Conclusion  

This study offeres a comprehensive analysis of attention mechanisms, beginning with an overview of their foundational concepts 

and extending to a review of diverse variants, including Hierarchical, Bidirectional, Multi-Head, Multi-query, Group-query, Graph, 

Channel, Spatial, Channel-Spatial, Temporal, Spatial-Temporal, Cross, Axial and Flash Attention. Recognizing the pivotal role of 

the Transformer architecture in advancing deep learning, we examined its core framework and surveyed a wide range of Transformer 

variants including BERT, GPT, Transformer XL, XLNet, BART, Fast Transformer, T5, Longformer, BIGBIRD, Performer, 

Linformer, Reformer, RoFormer, ALiBi, Switch Transformer, LLaMA, ViT, DETR, DeepViT, DeiT, T2T ViT, CrossViT, PVT, 

Swin Transformer, TNT, MViT, ViViT, DAT, and Spiking Transformer, each developed to address specific domain challenges. In 

addition, we emphasized the applications of attention mechanisms and Transformer-based approaches across a wide range of domains 

including natural language processing, computer vision, recommender systems, and sensor data analysis. Lastly, we offered a 

comparative overview of these models, outlining their fundamental ideas, outcomes, advantages, and drawbacks. Through this survey, 

we underscored how attention-based models, particularly those built upon the Transformer architecture, have become foundational 

across diverse application domains. The increasing diversity of attention mechanisms and Transformer variants highlights their 

adaptability and effectiveness in capturing complex dependencies and contextual relationships within data. 
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