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 Transformers have been recognized as one of the most significant innovations 
in the development of deep learning technology, with widespread application 
to Natural Language Processing (NLP), Computer Vision (CV), and 
multimodal data analysis. The self-attention mechanism, which is at the core 
of this architecture, is designed to capture global relationships in sequential 
and spatial data in parallel, enabling more efficient and accurate processing 
than Recurrent Neural Network (RNN) and Convolutional Neural Network 
(CNN)-based approaches. Models such as BERT, GPT, and Vision 
Transformer (ViT) have been used for a variety of tasks, including text 
classification, translation, object detection, and image segmentation. 
Although the advantages of this model are significant, the high computing 
power requirements and reliance on large datasets are major challenges. 
Efforts to overcome these limitations have been made through the 
development of lightweight variants, such as the MobileViT and Swin 
Transformer, which are designed to improve efficiency without sacrificing 
accuracy. Further research is also directed at the application of transformers 
for multimodal data and specific domains, such as medical image analysis. 
With its high flexibility and adaptability, transformers continue to be regarded 
as a key component in the development of more advanced and far-reaching 
artificial intelligence. 
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1. INTRODUCTION 

Transformers are recognized as one of the most significant innovations in the development of deep 
learning technology [1]. Since its introduction by Vaswani et al. in 2017, it has replaced traditional Recurrent 
Neural Network (RNN) and Convolutional Neural Network (CNN)-based approaches in a variety of tasks [2]. 
Its advantage lies in its ability to process sequential and spatial data in parallel, which provides higher efficiency 
and accuracy than previous approaches. Its application to Natural Language Processing (NLP) has resulted in 
flagship models such as BERT and GPT that are changing the way various applications work, including text 
classification, translation, and summarization [3]. 

Transformers have been adopted in fields such as Computer Vision (CV) and medical image analysis. 
Models such as the Vision Transformer (ViT) and Swin Transformer demonstrate excellence in image 
classification, object detection, and image segmentation tasks [4]. In the medical domain, Transformers make 
significant contributions to image segmentation, image-based diagnosis, and analysis of complex medical data. 
This demonstrates the flexibility and adaptability of the Transformer in a wide range of applications [5][6]. 

https://creativecommons.org/licenses/by-sa/4.0/deed.id
https://creativecommons.org/licenses/by-sa/4.0/deed.id
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The challenges faced by Transformers are the high computing power requirements and the reliance on 
large datasets during training. This is a major obstacle to deployment on resource-constrained devices, such as 
mobile applications or environments with minimal compute infrastructure [7]. The research is focused on 
optimizing Transformers through the approach and development of lightweight models, which aims to reduce 
computational complexity without sacrificing model performance [8]. 

This article aims to provide a comprehensive overview of Transformers, covering their core concepts, 
variants, and applications across various domains [9]. The discussion included efficiency solutions and 
strategies to overcome existing limitations, as well as exploration of future development potential. A narrative 
approach and systematic literature exploration are used to provide in-depth references for researchers and 
practitioners [10][11]. 

This article discusses how Transformers are adapted to meet specific needs in various domains, including 
medical image analysis and other data-driven tasks. Future research directions are identified to drive innovation 
in the development of efficient and adaptive Transformers. This strategy provides insight to the research 
community on how to overcome the challenges of implementing Transformers at various application scales 
[12]. 
 
2. ARCHITECTURE  
 
2.1. Base Architecture 

Encoder-decoders are one of the fundamental frameworks in deep learning architectures that are often 
used for a variety of tasks, from image segmentation to language translation. The ecmoder and decoder models 
can be seen in Figure 1 [13]. In this architecture, the encoder is tasked with extracting information from the 
input data by converting the input into a more compact and meaningful representation of the feature. This 
representation is then passed to the decoder, who is responsible for reconstructing the output according to the 
needs of the task, for example producing segmentation maps or text in other languages. This approach ensures 
that the model can capture important information while ignoring irrelevant data, improving efficiency and 
accuracy [14]. 

 

 
Fig. 1. The transformer encoder-decoder model  

Another important component in this architecture is multi-head attention, which is designed to capture 
the global relationships between elements in the data. Unlike regular attention mechanisms, multi-head 
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attention utilizes multiple attention in parallel, allowing the model to focus on different aspects of the data 
simultaneously [15]. For example, in an image segmentation task, this component can help the model 
understand the relationship between a particular area in an image and its overall context. This advantage makes 
multi-head attention a key element in modern models, such as transformers, which excel at processing 
sequential or spatial-based data [16]. 

In addition, feed-forward layers complement the architecture by providing non-linear processing 
capabilities to the representation of data generated by encoders or attention mechanisms. This layer consists of 
a series of linear transformations followed by a non-linear activation function, such as ReLU [17]. Feed-
forward layers are tasked with reinforcing important features while reducing information redundancy, so that 
the model can detect more complex patterns. The combination of these layers with other components creates 
an efficient processing line, guaranteeing optimal performance for a variety of challenging tasks [18][19]. 

By integrating encoder-decoders, multi-head attention, and feed-forward layers, the architecture is 
capable of handling a wide range of data types, including text-based, imagery, or sequence-based data. This 
processing flexibility and power makes it the foundation for many advanced models in deep learning, such as 
BERT for natural language processing and SegFormer for image segmentation [20]. The integration of these 
elements allows the model to leverage local and global relationships simultaneously, resulting in precise and 
accurate results in a wide range of applications. 

 
2.2. Self-Attention Mechanism 

Self-attention in transformers is a core mechanism that allows models to understand global relationships 
between elements in sequential data, such as words in a sentence or pixels in an image. This mechanism works 
by comparing each element of data against the others to determine its relevance. This is done through query 
(Q), key (K), and value (V) operations, where each is generated from an input vector with a trainable weight 
matrix. The process is summarized in the attention formula as follows: 

 

𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄, 𝐾, 𝑉) 	= 	𝑠𝑜𝑓𝑡𝑚𝑎𝑥	 4
𝑄𝐾!

5𝑑"
7𝑉 (1) 

In this formula, Q is the query matrix, K is the key matrix, V is the value matrix, and 𝑑" is the key 
dimension. Normalization with 5𝑑" helps avoid excessive product dot values, thus maintaining Softmax 
computing stability. 

The self-attention mechanism in transformers uses a multi-head attention approach, where multiple 
attentions (h) are performed in parallel to capture various relationship patterns in the data. Each attention 
operates a separate version of Q, K, and V, and then the results are combined to produce the final representation. 
The formula for multi-head attention is: 

 
𝑀𝑢𝑙𝑡𝑖𝐻𝑒𝑎𝑑(𝑄, 𝐾, 𝑉) 	= 	𝐶𝑜𝑛𝑐𝑎𝑡(ℎ𝑒𝑎𝑑#, . . . , ℎ𝑒𝑎𝑑$)𝑊% (2) 

 
Here,  ℎ𝑒𝑎𝑑& 	= 	𝐴𝑡𝑡𝑒𝑛𝑡𝑖𝑜𝑛(𝑄𝑊&

' , 𝐾𝑊&
( , 𝑉𝑊&

)), with 𝑄𝑊&
' , 𝐾𝑊&

( and  𝑉𝑊&
) as a weight matrix for 

query, key, and value on attention at step i and 𝑊% is the output weight matrix. Self-attention in transformers 
is also equipped with a positional encoding mechanism to capture positional information in sequential data, 
which is not directly noticed by the attention mechanism. The combined self-attention, multi-head attention, 
and feed-forward layers allow the transformer to handle complex tasks, such as NLP and CV, with high 
efficiency and flexibility. 

 
2.3. Positional Encoding 

Positional Encoding on Transformers is a mechanism used to insert information about the sequence or 
position of elements in sequential data [21]. This is important because the self-attention mechanism does not 
explicitly consider the order of the data elements, so positional encoding is necessary to provide positional 
context in the input representation. Positional encoding adds positional information directly to the input 
embedding through a mathematical function [22][23]. 

Positional encoding is usually defined using sinusoidal functions, with the following formula for the post 
position and embedding dimension - i: 
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𝑃𝐸(+,-,/&)	 = 	𝑠𝑖𝑛C
𝑝𝑜𝑠

10000 2𝑖
𝑑2,345

H 

𝑃𝐸(+,-,/&	6	#)	 = 	𝑐𝑜𝑠C
𝑝𝑜𝑠

10000 2𝑖
𝑑2,345

H 

(3) 

 
Where post is the position index in the input sequence, i is the dimension index of the embedding and 

𝑑2,345 is the total dimension of embedding. This sinusoidal function was chosen because it provides periodic 
properties that allow the model to easily extrapolate position information to a larger sequence length of the 
training data. 

Once the positional encoding is calculated, these values are added to the input embedding, resulting in a 
new representation for the data element that incorporates the positional information. Mathematically, the 
updated input representation is: 

 
𝑍	 = 	𝑋	 + 	𝑃𝐸 (2) 

 
Where X is input embedding, PE is positional encoding, and Z is an input embedding that has been 

enriched with position information. The advantage of this sinusoidal approach is that it does not require any 
additional parameters that can be trained, so it remains lightweight and allows the model to easily understand 
positional relationships even beyond the length of the training data sequence. With the integration of positional 
encoding, transformers become better able to handle sequential data, such as text, which is highly dependent 
on the context of the order of elements. 

 
3. DEVELOPMENT OF TRANSFORMER VARIANTS  

 
3.1. Natural Language Processing  
 

Natural Language Processing is a branch of artificial intelligence that studies how computers can 
understand, generate, and process human language. The development of transformer-based models, such as 
BERT (Bidirectional Encoder Representations from Transformers), GPT (Generative Pre-trained 
Transformer), and T5 (Text-to-Text Transfer Transformer), has brought about a revolution in this field [24]. 
BERT is designed with a bidirectional approach, which allows it to understand the context of words by looking 
from both directions, making it superior for tasks such as text classification and information extraction. In 
contrast, GPT, which adopts a generative approach, shows excellent performance in generating cohesive and 
natural text, making it popular in creative tasks such as autowriting and interactive dialogue. T5, on the other 
hand, summarizes all NLP tasks in a text-to-text format, making it a versatile tool for a wide range of 
applications, from translation to text summarization [25][26]. 

In recent years, the popularity of NLP-based generative models has increased with the emergence of GPT-
based applications, such as OpenAI's ChatGPT, Google's DeepMind's Gemini, and Microsoft's CoPilot [27]. 
ChatGPT has become one of the most well-known NLP applications thanks to its ability to answer questions, 
assist with writing, and support interactive and informative dialogue, making it a very useful tool for individuals 
as well as businesses [28]. Google DeepMind introduces Gemini as a strong competitor, focusing on integrating 
multimodal capabilities capable of processing text, images, and other data simultaneously. On the other hand, 
Microsoft CoPilot leverages the integration of generative models with productivity apps like Microsoft Office, 
helping users create documents, analyze data, and even present more efficiently. 

The application of these models has expanded to a wide range of sectors, from customer service and 
education to the development of AI-based productivity tools and personal assistants. The success of models 
such as ChatGPT, Gemini, and CoPilot not only demonstrates the technical superiority of NLP technology but 
also marks an important transition in the way humans interact with computers. With the continued development 
of this technology, the future of NLP is predicted to focus more on personalization, multimodality, and cross-
domain efficiency [29]. 
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3.2. Computer Vision 
Transformers in Computer Vision have brought significant innovations in visual data processing 

approaches, which were previously dominated by CNN networks [30]. Architectures such as Vision 
Transformer (ViT) and Swin Transformer have proven that transformer-based approaches are capable of 
competing with CNNs in a variety of tasks, including image classification, object detection, and image 
segmentation. Vision Transformer as seen in Figure 2 [31], designed to take advantage of the self-attention 
mechanism, which functions to capture the global relationships between pixels in the image. In its 
implementation, images are broken down into small patches that are treated as tokens, resemble words in text, 
and then processed through a transformer architecture to produce a contextual and immersive visual 
representation. 

 

 
Fig. 2. The Vision Transformer (ViT) Architecture  

 
Swin Transformer (Shifted Window Transformer) expands ViT capabilities by implementing a local 

window-based attention mechanism that shifts gradually [32]. This approach allows self-attention calculations 
to be performed locally in a small window, before the scope is expanded by shifting the window. This strategy 
improves computational efficiency on high-resolution images while maintaining an understanding of the global 
relationships between features. In addition, the hierarchical structure applied to Swin Transformer makes it 
more flexible and compatible with a variety of tasks, including image segmentation and object detection, and 
is more efficient than a fully global approach. 

 
Fig. 3. (a) The architecture of a Swin Transformer (Swin-T); (b) two successive Swin Transformer Blocks 

[33] 
 
Both architectures have demonstrated competitive performance, even surpassing CNNs in several well-

known benchmarks, such as ImageNet, COCO, and ADE20K. Another advantage offered is the flexibility of 
the transformer architecture, which allows the integration of multimodal data such as text and image 
combinations. This transformation opens up new opportunities for wider applications in the field of computer 
vision, demonstrating significant application potential across various domains of technology and research [33]. 
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3.3. Medical Applications 
Transformers have been widely applied in a variety of medical applications, including medical image 

segmentation, image-based diagnosis, and clinical data classification [34]. In the task of segmenting medical 
images, the ability of Transformers to distinguish complex structures such as organs, tissues, or lesions has 
been shown to be superior to CNN-based methods. Models such as TransUNet and MedT are designed to 
utilize the attention mechanism to produce more accurate segmentation. 

 
 

Fig. 4. (a) The main architecture diagram of MedT which uses LoGo strategy for training. (b) The gated axial 
transformer layer which is used in MedT. (c) Gated Axial Attention layer which is the basic building block of 

both height and width gated multi-head attention blocks found in the gated axial transformer layer. 
 

Based on Figure 4 [35] MedT (Medical Transformer) uses a transformer-based approach specifically 
designed for medical image segmentation, with an architecture that combines Global Branch and Local Branch 
to capture information holistically. The medical imaging data is broken down into patches, which are then 
processed by the Global Branch using the Gated Axial Transformer Layer to understand the spatial and 
contextual relationships between patches on a global scale. Meanwhile, the Local Branch focuses on processing 
local spatial details using convolution to capture small patterns that are important in medical imagery. 

At the encoder stage, these two branches work in parallel to extract local and global features, which are 
then passed on to the decoder to reconstruct the image with more precise segmentation. One of the key 
components in MedT is the Gated Axial Attention Layer, which is designed to improve the efficiency of the 
self-attention mechanism by reducing computational complexity, allowing for a more directed focus on 
important elements in medical imaging. This combination results in a rich and in-depth representation of 
features, which is ideal for tasks such as tumor segmentation or organ structure identification. 

In image-based diagnosis, Transformers are used to analyze different types of medical images, such as 
X-rays, MRIs, and CT scans. Relevant patterns, including tumor or anomaly detection, can be identified with 
a high degree of accuracy. The processing of spatial relationships in medical images is carried out by 
Transformer to ensure that high-resolution features can be well understood, thus supporting clinical decision-
making. 

In the task of classifying clinical data, Transformer has been applied to process multimodal data that 
includes a combination of medical images, clinical texts, and laboratory data. This approach allows information 
from multiple sources to be analyzed simultaneously to produce more comprehensive and accurate predictions. 
For example, the classification of cancer types is carried out by utilizing histopathological images combined 
with genomic data [35]. 

Transformer-based decision support systems are also developed to provide clinical recommendations 
automatically. Patient data analysis is carried out by integrating information from various sources, so that 
efficiency and accuracy in the diagnosis and treatment process can be improved. This transformation shows 
how artificial intelligence technology can be applied in improving the quality of healthcare services. 
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3.4. Lightweight Applications 

The development of lightweight transformer models is currently focused on answering the challenges of 
computing efficiency and limited hardware resources. Models such as MobileViT, Tiny Transformers, and Lite 
Transformers are designed to maintain the advantages of self-attention mechanisms in understanding global 
relationships, while reducing the high computational complexity of conventional transformers. These 
innovations are achieved through the reduction of the number of parameters, the simplification of the self-
attention mechanism with the sparse attention approach, and the application of hierarchical features that take 
advantage of the advantages of the convolutional neural network architecture. With this approach, the 
deployment of transformers on edge or mobile devices becomes more possible, resulting in increased efficiency 
for tasks such as image classification, object detection, and text analysis [36]. 

A hybrid approach is also being used to combine lightweight transformers with other architectures to 
improve efficiency without sacrificing accuracy. For example, local attention mechanisms applied to models 
such as Swin Transformer Lite and MobileViT are designed to reduce complexity while still retaining the 
ability to capture global relationships in data [37]. With this approach, the use of lightweight transformers in 
resource-constrained devices is expanding, including in Internet of Things (IoT) device applications and real-
time data processing scenarios. 

 
4. ADVANTAGES AND LIMITATIONS OF TRANSFORMER 

 
4.1. Advantages 

One of the main advantages of transformer-based architecture is its ability to effectively capture long 
context generalizations. The self-attention mechanism at the heart of the transformer allows every element in 
the data to interact with other elements, regardless of their positional distance. This makes transformers excel 
in tasks that require understanding global relationships, such as analyzing the order of words in text or spatial 
patterns in images. This ability to understand long contexts gives models a better ability to capture complex 
relationships that may be missed by traditional approaches such as convolutional neural networks (CNNs) or 
recursive models [38]. 

Domain flexibility is also a significant advantage of transformer architecture. Unlike other models that 
are often designed for specific applications, transformers can be easily adapted for a variety of tasks, such as 
NLP, CV, and multimodal data. For example, models like BERT and GPT show tremendous success in NLP, 
while Vision Transformer and Swin Transformer prove their superiority in CVs. This ability to handle data 
from a variety of formats and domains makes transformers a very versatile architecture in the development of 
artificial intelligence technology. 

The combination of long-context generalization capabilities and domain flexibility has made transformers 
one of the most significant innovations in modern deep learning. This architecture not only allows for wider 
application but also provides more effective and efficient solutions to various challenges in the field of 
technology. The improved performance in various benchmarks and practical applications shows that 
transformers are able to push the limits of the capabilities of artificial intelligence models, while opening up 
new opportunities for further exploration and development in the future [39]. 

 
4.2. Limitations 

Although transformer-based architectures have shown excellent performance in a variety of applications, 
some limitations still need to be noted, one of which is the high complexity of computing. The self-attention 
mechanism, which is at the heart of the transformer, is designed with a time complexity of O(n2), where n is 
the length of the data sequence. As a result, memory consumption and computing time increase significantly, 
especially when large amounts of data must be processed, such as high-resolution images or long text. These 
challenges often hinder the deployment of transformers on devices with limited resources. 

In addition, the need for large amounts of data is also a major obstacle to this architecture. To achieve 
optimal performance, transformer models require a very large dataset during the pretraining process. Rich 
representations can only be obtained if the patterns in the data are thoroughly explored, which requires a 
sufficient amount of data [40]. In some domains, such as medical or social sciences, large-scale data collection 
is often hampered by privacy, cost, or accessibility limitations, making it more difficult to use this model. 

These problems of computational complexity and the need for big data have become a major concern in 
the development of more efficient transformers. Various efforts have been made to overcome these limitations, 
including the development of lighter variants, such as the Swin Transformer or MobileViT [41]. However, 
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these challenges continue to affect the widespread adoption of transformer architectures, especially for 
applications that require high efficiency on devices with low computing power. 

 
5. FUTURE DIRECTIONS 

Future research on transformer architectures can be directed to improve computing efficiency, reduce 
reliance on large datasets, expand multimodal integration, optimize real-world applications, pay attention to 
ethical and transparency aspects, and explore quantum and neuromorphic computing. Computing efficiency 
can be improved through the development of lighter self-attention mechanisms, such as sparse attention or 
approximative algorithms, which are able to reduce memory and computational time requirements. In addition, 
the design of lightweight models such as the MobileViT can facilitate the use of transformers in devices with 
limited resources. Dependency on large datasets can be minimized by utilizing methods such as self-supervised 
learning, transfer learning, or synthetic data generation, which allow exploration of domains with limited data, 
such as medical or local language processing [42]. 

The development of transformers for multimodal data, such as text, images, and audio, is also a promising 
research direction. Models such as Vision-Language Transformers (VLTs) can be extended with more 
sophisticated attention mechanisms to understand the relationships between modalities in depth. On the other 
hand, adapting transformers for real-world applications, such as healthcare, automotive, or cybersecurity, 
requires optimization in terms of inference speed, energy efficiency, and noise resistance. Cross-disciplinary 
collaboration with specific domains will result in more relevant practical solutions. In addition, attention to 
ethical aspects and transparency is increasingly important. Research in the area of interpretability, such as 
attention visualization, can help understand model decisions, while evaluations of potential biases should be 
strengthened to ensure fair and responsible application. 

The exploration of quantum computing and neuromorphics is also opening up new opportunities for 
transformers to achieve higher efficiency and capabilities. Integration with these innovative hardware 
technologies has the potential to change the way transformers operate, enabling more complex and 
sophisticated applications. By addressing these challenges, future transformer research can further improve its 
efficiency, flexibility, and impact in various technology and industrial domains [43]. 

 
6. Conclusion 

Transformers have been recognized as one of the most significant innovations in the development of deep 
learning technology since it was introduced by Vaswani et al. in 2017. This architecture has replaced traditional 
RNN and CNN-based approaches in a variety of tasks, such as natural language processing, computer vision, 
and medical data analysis. The main advantage of transformers lies in the ability of self-attention mechanisms 
to capture global relationships between data elements in parallel, which provides higher efficiency and 
accuracy than conventional approaches. Its flexibility and adaptability allow for wide applicability across a 
wide range of domains, from text classification to medical image segmentation. 

Despite having significant advantages, transformers face several challenges, including high computing 
requirements and reliance on large datasets during training. This obstacle has prompted further research to 
develop lightweight models, hybrid approaches, and other efficiency solutions to expand the adoption of 
transformers in resource-constrained scenarios. With the development of variants such as MobileViT and Swin 
Transformer, steps towards greater efficiency have been taken, although challenges related to complexity 
remain. 

Future research will focus on optimizing computing efficiency, multimodal data integration, and 
applications in specific domains, such as health and cybersecurity. In addition, attention to the ethical aspects, 
interpretability, and reduction of model bias is becoming increasingly important to ensure the responsible use 
of transformers. With continuous innovation, transformers are projected to continue to be the foundation in the 
development of more adaptive, efficient, and far-reaching artificial intelligence technologies in various sectors. 
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