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Abstract—Transformer-based deep learning 

architectures have fundamentally transformed the field 

of artificial intelligence by replacing sequential 

processing mechanisms with attention-based learning 

paradigms capable of modelling long-range 

dependencies through parallel computation. Since the 

introduction of the Transformer architecture by 

Vaswani et al. in 2017, numerous architectural variants 

have been proposed to improve computational efficiency, 

scalability, interpretability, and domain adaptability 

across a wide range of applications, including natural 

language processing (NLP), computer vision, healthcare, 

robotics, speech recognition, recommendation systems, 

autonomous driving, and multimodal artificial 

intelligence. The rapid evolution of these architectures 

has resulted in a diverse ecosystem of encoder-only, 

decoder-only, encoder-decoder, hierarchical, sparse, 

graph-based, multimodal, and efficient Transformer 

models, making it increasingly challenging for 

researchers to identify appropriate architectures for 

specific applications. 

This review presents a comprehensive and systematic 

analysis of Transformer-based deep learning models by 

examining their architectural evolution, attention 

mechanisms, computational characteristics, advantages, 

limitations, and practical applications. Following the 

Preferred Reporting Items for Systematic Reviews and 

Meta-Analyses (PRISMA) methodology, relevant 

publications from major scientific databases published 

between 2017 and 2026 were critically analyzed to 

identify recent developments and emerging research 

trends. The reviewed architectures are classified into 

multiple categories, including Vanilla Transformer, 

Bidirectional Encoder Representations from 

Transformers (BERT), Generative Pre-trained 

Transformer (GPT), Text-to-Text Transfer Transformer 

(T5), Vision Transformer (ViT), Swin Transformer, 

Longformer, Reformer, Performer, BigBird, Graph 

Transformers, and multimodal foundation models. 

In addition to providing a taxonomy of Transformer 

architectures, this review presents a comparative 

evaluation of their computational complexity, scalability, 

memory requirements, training strategies, benchmark 

performance, and application domains. The study 

further discusses current challenges related to 

computational cost, interpretability, data dependency, 

energy consumption, fairness, security, and deployment 

on resource-constrained devices. Finally, future research 

opportunities—including efficient attention 

mechanisms, explainable Transformers, federated 

learning, edge intelligence, continual learning, 

multimodal reasoning, and quantum-inspired 

Transformer architectures—are highlighted to guide the 

development of next-generation intelligent systems. This 

review serves as a comprehensive reference for 

researchers, practitioners, and graduate students 

seeking an in-depth understanding of the current state 

and future directions of Transformer-based deep 

learning. 

 

Index Terms—Artificial Intelligence, Attention 

Mechanism, Deep Learning, Efficient Transformers, 

Explainable Artificial Intelligence (XAI), Foundation 

Models, Large Language Models, Multimodal Learning, 

Natural Language Processing, Self-Attention, 

Transformer Architecture, Vision Transformer. 
 

I. INTRODUCTION 
 

Artificial Intelligence (AI) has experienced 

unprecedented advancements over the past decade, 
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driven primarily by the rapid development of deep 

learning methodologies capable of automatically 

extracting hierarchical representations from large-

scale datasets. Earlier deep learning models, including 

Convolutional Neural Networks (CNNs) and 

Recurrent Neural Networks (RNNs), demonstrated 

remarkable success in computer vision and sequential 

learning tasks. CNNs excelled in extracting spatial 

features from images, whereas RNNs and their 

improved variants, such as Long Short-Term Memory 

(LSTM) and Gated Recurrent Units (GRUs), became 

the dominant architectures for natural language 

processing (NLP), speech recognition, and time-series 

forecasting due to their ability to model sequential 

dependencies. 

Despite these achievements, recurrent architectures 

suffer from several inherent limitations. Sequential 

computation restricts parallel processing during 

training, resulting in increased computational time for 

long sequences. Moreover, recurrent models often 

experience vanishing and exploding gradient 

problems, limiting their ability to capture long-range 

contextual relationships effectively. Although LSTM 

and GRU architectures alleviate these issues through 

gating mechanisms, they remain computationally 

expensive for large-scale applications and struggle to 

preserve contextual information over very long input 

sequences. 

A significant breakthrough occurred in 2017 with the 

introduction of the Transformer architecture by 

Vaswani et al. in the landmark paper Attention Is All 

You Need. Unlike recurrent models, Transformers rely 

exclusively on self-attention mechanisms to learn 

contextual relationships among sequence elements. 

The attention mechanism enables the model to process 

all input tokens simultaneously, allowing efficient 

parallelization while effectively modeling both local 

and global dependencies. This innovation substantially 

improved computational efficiency and achieved 

state-of-the-art performance across numerous NLP 

tasks, marking a paradigm shift in deep learning 

research. 

Following the success of the original Transformer, 

researchers proposed numerous architectural variants 

tailored to specific learning paradigms and application 

domains. Encoder-based models such as BERT 

revolutionized language understanding through 

bidirectional contextual representations, whereas 

decoder-based models, including GPT, significantly 

advanced generative language modeling and 

conversational artificial intelligence. Encoder-decoder 

architectures such as T5 unified diverse NLP tasks 

within a single text-to-text framework. 

Simultaneously, efficient Transformer variants—

including Longformer, Linformer, Reformer, 

Performer, and BigBird—addressed the quadratic 

computational complexity associated with standard 

self-attention mechanisms by introducing sparse, 

linear, and locality-sensitive attention strategies. 

The influence of Transformer architectures has rapidly 

expanded beyond natural language processing. Vision 

Transformer (ViT) demonstrated that self-attention 

mechanisms can effectively replace convolutional 

operations for image classification. Subsequently, 

hierarchical models such as Swin Transformer 

improved multi-scale feature learning for computer 

vision tasks including object detection, semantic 

segmentation, and medical image analysis. Recent 

developments have further extended Transformer 

architectures into multimodal learning through models 

such as CLIP, BLIP, Flamingo, and Segment Anything 

Model (SAM), enabling simultaneous reasoning 

across textual, visual, and audio modalities. 

Large Language Models (LLMs), including GPT-4, 

Claude, Gemini, Llama, Mistral, and DeepSeek, 

represent another significant milestone in Transformer 

evolution. These foundation models exhibit 

remarkable capabilities in text generation, reasoning, 

programming, scientific research assistance, and 

multimodal interaction, demonstrating the scalability 

and versatility of Transformer-based architectures. 

Their emergence has accelerated the adoption of AI 

across education, healthcare, software engineering, 

finance, autonomous systems, cybersecurity, and 

scientific discovery. 

Despite these remarkable achievements, Transformer 

models present several important challenges. The 

quadratic computational complexity of self-attention 

increases memory consumption and computational 

cost for long input sequences. Large-scale pretraining 

requires enormous datasets, specialized hardware 

accelerators, and substantial energy resources, raising 

concerns regarding environmental sustainability and 

accessibility. Furthermore, issues related to 

interpretability, robustness, fairness, bias, 

hallucination, privacy, and secure deployment remain 

active areas of research. These limitations have 

motivated the development of efficient attention 
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mechanisms, explainable AI (XAI), federated 

learning, continual learning, retrieval-augmented 

generation, and lightweight Transformer architectures 

suitable for edge computing environments. 

Given the rapid expansion of Transformer research, 

numerous surveys have been published addressing 

specific application domains such as NLP, computer 

vision, or efficient attention mechanisms. However, 

most existing reviews focus on individual Transformer 

families or specialized application areas rather than 

providing a unified and comprehensive taxonomy 

covering the full spectrum of Transformer evolution. 

Moreover, relatively few studies critically compare 

recent foundation models, multimodal Transformers, 

computational trade-offs, and emerging research 

trends within a single framework. 

This review addresses these limitations by 

systematically analyzing Transformer-based deep 

learning architectures developed from 2017 to 2026. 

The paper provides a comprehensive taxonomy of 

Transformer models, examines their architectural 

innovations, compares computational characteristics 

and application domains, identifies current research 

gaps, and outlines promising future research 

directions. Unlike existing surveys, this review 

integrates developments across natural language 

processing, computer vision, multimodal learning, 

healthcare, graph learning, recommendation systems, 

and large language models, thereby providing 

researchers with a holistic understanding of 

Transformer evolution and its implications for future 

artificial intelligence systems. 

The primary contributions of this review are 

summarized as follows: 

1. A systematic PRISMA-based review of 

Transformer research published between 2017 

and 2026.  

2. A comprehensive taxonomy covering encoder-

only, decoder-only, encoder-decoder, efficient, 

vision, graph, multimodal, and foundation 

Transformer architectures.  

3. A comparative analysis of architectural design, 

computational complexity, memory 

requirements, scalability, strengths, and 

limitations.  

4. A detailed survey of Transformer applications 

across diverse scientific and industrial domains.  

5. Identification of current research challenges, open 

problems, and future research opportunities for 

next-generation Transformer architectures.  

 

2.1 Motivation of the Study 

The rapid advancement of Transformer-based 

architectures has fundamentally reshaped the 

landscape of artificial intelligence by achieving state-

of-the-art performance across diverse application 

domains, including natural language processing, 

computer vision, healthcare, speech recognition, 

robotics, recommendation systems, and multimodal 

learning. Since the introduction of the original 

Transformer architecture in 2017, researchers have 

proposed numerous variants such as BERT, GPT, T5, 

Vision Transformer (ViT), Swin Transformer, 

Longformer, Performer, and BigBird to address 

different computational and application-specific 

challenges. While these models have significantly 

improved predictive accuracy and learning capability, 

their rapid evolution has created a fragmented body of 

literature that is increasingly difficult for researchers 

and practitioners to navigate effectively [1], [2]. 

Although several review articles have examined 

specific categories of Transformer models, most 

existing surveys focus on individual domains such as 

natural language processing, computer vision, or 

efficient attention mechanisms. Very few studies 

provide a unified and comprehensive analysis 

covering the evolution, taxonomy, architectural 

innovations, computational characteristics, application 

domains, research challenges, and future directions of 

Transformer architectures within a single review. 

Furthermore, recent developments in large language 

models (LLMs), multimodal foundation models, 

explainable artificial intelligence (XAI), federated 

learning, and resource-efficient Transformers have not 

been comprehensively integrated into many existing 

surveys [3]–[5]. 

Another important motivation for this review is the 

increasing demand for computationally efficient and 

trustworthy artificial intelligence. Although 

Transformer architectures have demonstrated 

exceptional performance, they often require enormous 

computational resources, extensive training datasets, 

and high energy consumption. Moreover, concerns 

regarding interpretability, fairness, privacy, 

robustness, and environmental sustainability continue 

to limit their practical deployment in safety-critical 
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applications such as healthcare, autonomous systems, 

cybersecurity, and financial decision support [6], [7]. 

Understanding these challenges is essential for guiding 

future research toward more transparent, efficient, and 

responsible Transformer-based AI systems. 

This review is therefore motivated by the need to 

systematically consolidate recent advances in 

Transformer research while providing a 

comprehensive taxonomy, comparative analysis, and 

critical discussion of existing architectures. By 

synthesizing findings from the literature published 

between 2017 and 2026, this study aims to assist 

researchers, practitioners, and graduate students in 

understanding the evolution of Transformer models, 

identifying suitable architectures for specific 

applications, recognizing current research gaps, and 

exploring emerging research opportunities. The 

review also provides insights into future trends such as 

efficient attention mechanisms, explainable 

Transformers, multimodal intelligence, federated 

learning, retrieval-augmented generation, and 

scientific foundation models, thereby serving as a 

valuable reference for the next generation of 

Transformer-based artificial intelligence research [8]–

[10]. 

 

III. LITERATURE REVIEW METHODOLOGY 

(PRISMA 2020) 

 

A systematic literature review provides a structured 

and transparent approach for identifying, evaluating, 

and synthesizing existing research evidence. Unlike 

traditional narrative reviews, systematic reviews 

follow predefined protocols that minimize selection 

bias and improve the reproducibility of the review 

process. To ensure methodological rigor and 

transparency, this review adopts the Preferred 

Reporting Items for Systematic Reviews and Meta-

Analyses (PRISMA 2020) framework, which is 

widely recognized as an international standard for 

conducting systematic literature reviews in scientific 

research [1]. The PRISMA methodology enables 

researchers to document every stage of the literature 

selection process, thereby enhancing the credibility 

and reliability of review findings. 

The primary objective of this review is to provide a 

comprehensive analysis of Transformer-based deep 

learning architectures developed since the introduction 

of the original Transformer model in 2017. The review 

investigates the evolution of Transformer 

architectures, their underlying attention mechanisms, 

architectural innovations, application domains, 

computational characteristics, research challenges, 

and future directions. A systematic methodology was 

adopted to ensure that the reviewed literature 

represents the current state of research while 

maintaining objectivity throughout the selection 

process. 

 

3.1 Research Questions 

To guide the review process, five research questions 

(RQs) were formulated based on the objectives of this 

study. 

• RQ1: How have Transformer architectures 

evolved since the introduction of the original 

Transformer model?  

• RQ2: What are the major categories of 

Transformer architectures proposed in recent 

literature?  

• RQ3: What are the strengths, limitations, and 

computational characteristics of different 

Transformer variants?  

• RQ4: Which application domains have benefited 

most from Transformer-based architectures?  

• RQ5: What research gaps and future opportunities 

remain for Transformer-based deep learning?  

These research questions establish a structured 

framework for analyzing the literature and ensure that 

the review remains focused on the major 

developments in Transformer research. 

 

3.2 Literature Sources 

A comprehensive literature search was conducted 

using several internationally recognized scientific 

databases to ensure broad coverage of peer-reviewed 

publications. The selected databases include IEEE 

Xplore, ACM Digital Library, SpringerLink, 

ScienceDirect (Elsevier), Wiley Online Library, 

Nature Portfolio, Scopus, Web of Science, Google 

Scholar, and arXiv. These databases were selected 

because they collectively cover high-impact journals, 

conference proceedings, survey articles, and preprints 

related to artificial intelligence, machine learning, 

natural language processing, and computer vision [2], 

[3]. 

The search was limited to publications from January 

2017 to June 2026, corresponding to the period 
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following the introduction of the Transformer 

architecture. Both journal articles and conference 

papers were considered because many influential 

Transformer models were initially presented at leading 

conferences such as NeurIPS, ICML, ICLR, ACL, 

EMNLP, CVPR, and ICCV before journal publication. 

 

3.3 Search Strategy 

A structured search strategy was developed using 

combinations of keywords related to Transformer 

architectures and their applications. Boolean operators 

such as AND, OR, and quotation marks were 

employed to improve search precision. 

The primary search terms included: 

• "Transformer Architecture"  

• "Self-Attention"  

• "Attention Is All You Need"  

• "Vision Transformer"  

• "Large Language Model"  

• "BERT"  

• "GPT"  

• "Efficient Transformer"  

• "Multimodal Transformer"  

• "Graph Transformer"  

• "Transformer Survey"  

Example search query: 

("Transformer" OR "Vision Transformer" OR "Large 

Language Model") AND ("Deep Learning" OR 

"Artificial Intelligence") AND ("Survey" OR 

"Review") 

Additional studies were identified through backward 

and forward citation tracking, enabling the inclusion 

of influential publications that may not have appeared 

directly in database searches [4]. 

 

3.4 Inclusion Criteria 

To ensure the relevance and quality of the selected 

literature, predefined inclusion criteria were 

established before the review process commenced. 

Publications were included if they satisfied the 

following conditions: 

1. Published between 2017 and 2026.  

2. Focused primarily on Transformer architectures 

or significant Transformer variants.  

3. Presented original research, comprehensive 

surveys, or systematic reviews.  

4. Published in peer-reviewed journals, conference 

proceedings, or reputable preprint repositories.  

5. Written in English.  

6. Included sufficient methodological and 

experimental details to support technical analysis.  

These criteria ensured that only technically rigorous 

and scientifically relevant publications were 

considered for detailed review [5]. 

 

3.5 Exclusion Criteria 

Studies were excluded if they met one or more of the 

following conditions: 

• Duplicate publications retrieved from multiple 

databases.  

• Editorials, tutorials, opinion articles, or abstracts 

lacking sufficient technical content.  

• Studies focusing exclusively on convolutional 

neural networks or recurrent neural networks 

without significant discussion of Transformer 

architectures.  

• Non-English publications.  

• Articles with inaccessible full text.  

• Publications lacking experimental validation or 

technical contributions.  

Applying these exclusion criteria reduced redundancy 

while improving the overall quality and consistency of 

the reviewed literature [1]. 

 

3.6 Study Selection Process 

The literature selection process followed the four 

stages recommended by the PRISMA 2020 

framework: Identification, Screening, Eligibility, and 

Inclusion [1]. 

During the Identification stage, publications were 

collected from the selected databases using predefined 

search strings. Duplicate records were identified and 

removed using reference management software. 

In the Screening phase, titles, abstracts, and keywords 

were examined to eliminate studies unrelated to 

Transformer architectures. Publications failing to 

satisfy the inclusion criteria were excluded at this 

stage. 

The Eligibility stage involved a detailed assessment of 

the full text of each remaining article. Methodological 

quality, experimental validation, novelty, and 

relevance to the research questions were carefully 

evaluated. 

Finally, during the Inclusion stage, only studies 

satisfying all predefined criteria were retained for 

qualitative synthesis and comparative analysis. The 
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selected studies formed the basis for the taxonomy, 

comparative evaluation, research gap analysis, and 

future research directions presented in this review. 

 

3.7 Data Extraction and Synthesis 

For each selected publication, relevant information 

was systematically extracted using a standardized data 

extraction template. The extracted attributes included 

publication year, authors, Transformer architecture, 

attention mechanism, computational complexity, 

benchmark datasets, evaluation metrics, application 

domain, strengths, limitations, and reported 

performance. 

The extracted information was subsequently 

synthesized through qualitative comparison rather 

than statistical meta-analysis because the reviewed 

studies employed heterogeneous datasets, 

experimental protocols, evaluation metrics, and 

application domains. Comparative tables were 

developed to summarize architectural characteristics, 

computational efficiency, scalability, and practical 

applications of different Transformer variants [6]. 

 

3.8 Quality Assessment 

To improve the reliability of the review findings, each 

publication was evaluated using several quality 

indicators, including publication venue, citation 

impact, methodological clarity, reproducibility, 

dataset availability, experimental evaluation, and 

contribution to the field. Greater emphasis was placed 

on highly cited journal articles and conference papers 

published in reputable venues such as IEEE, ACM, 

Springer, Elsevier, Nature, and leading AI 

conferences. 

Furthermore, recent publications introducing 

foundation models, efficient attention mechanisms, 

multimodal Transformers, and explainable AI were 

carefully analyzed to ensure that the review reflects 

current research trends [7]–[10]. 

 

IV. EVOLUTION OF TRANSFORMER 

ARCHITECTURES 

 

The Transformer architecture has evolved remarkably 

since its introduction in 2017, becoming the 

foundation of modern artificial intelligence. Originally 

developed for neural machine translation, 

Transformers have rapidly expanded into natural 

language processing (NLP), computer vision (CV), 

speech recognition, healthcare, recommendation 

systems, robotics, scientific computing, and 

multimodal artificial intelligence. This evolution has 

primarily been driven by the need to improve 

computational efficiency, reduce memory complexity, 

enhance contextual understanding, and extend 

Transformer models to diverse application domains. 

The development of Transformer architectures can be 

broadly categorized into four evolutionary phases: (i) 

the emergence of the original Transformer 

architecture, (ii) the development of specialized 

language models, (iii) efficient Transformer 

architectures designed to address computational 

limitations, and (iv) domain-specific and multimodal 

foundation models. 

 

4.1 First Generation: The Original Transformer 

The introduction of the Transformer architecture by 

Vaswani et al. in 2017 represented a paradigm shift in 

sequence modeling. Unlike recurrent neural networks 

(RNNs) and Long Short-Term Memory (LSTM) 

networks, which process sequential data recursively, 

the Transformer introduced a fully attention-based 

architecture capable of processing entire sequences 

simultaneously [1]. 

The original Transformer consists of two principal 

components: 

• Encoder  

• Decoder  

Each encoder layer contains: 

• Multi-head self-attention  

• Position-wise feed-forward network  

• Residual connection  

• Layer normalization  

Similarly, decoder layers include masked self-

attention, encoder-decoder attention, and feed-forward 

networks. 

The principal innovation was the self-attention 

mechanism, allowing every token to attend to every 

other token within the input sequence regardless of 

distance. Consequently, Transformers significantly 

improved parallelization while effectively capturing 

long-range contextual relationships. 

Although originally developed for machine 

translation, the architecture demonstrated remarkable 

generalization capabilities across numerous NLP 

tasks. 

4.2 Second Generation: Pre-trained Language Models 
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Following the success of the original Transformer, 

researchers shifted toward large-scale pretraining 

strategies capable of learning universal language 

representations. 

 

4.2.1 BERT Family 

Bidirectional Encoder Representations from 

Transformers (BERT) introduced bidirectional 

contextual learning by simultaneously considering left 

and right contexts during training [2]. 

Unlike previous autoregressive models, BERT 

employs masked language modeling (MLM) and next 

sentence prediction (NSP) objectives. 

Numerous variants subsequently emerged: 

• RoBERTa  

• ALBERT  

• DistilBERT  

• ELECTRA  

• DeBERTa  

• SpanBERT  

These models substantially improved performance 

across question answering, sentiment analysis, 

information retrieval, named entity recognition, and 

text classification. 

 

4.2.2 GPT Family 

Generative Pre-trained Transformer (GPT) models 

utilize decoder-only Transformer architectures trained 

autoregressively to predict subsequent tokens [3]. 

The GPT family evolved through several generations: 

• GPT  

• GPT-2  

• GPT-3  

• GPT-3.5  

• GPT-4  

Each generation increased model capacity, dataset 

scale, reasoning ability, and instruction-following 

performance. 

Decoder-only architectures now dominate generative 

AI, conversational systems, software development 

assistants, and scientific writing. 

 

4.2.3 Encoder–Decoder Models 

Several researchers proposed encoder-decoder 

architectures capable of unifying multiple NLP tasks. 

Representative examples include: 

• T5  

• BART  

• PEGASUS  

These models reformulated diverse NLP problems into 

text-to-text learning frameworks, enabling efficient 

transfer learning across multiple downstream tasks. 

 

4.3 Third Generation: Efficient Transformers 

Despite their remarkable success, standard 

Transformers exhibit quadratic computational 

complexity:O(n^2) 

where n represents sequence length. 

This limitation motivated extensive research into 

computationally efficient attention mechanisms. 

 

Longformer 

Longformer replaces full attention with sparse sliding-

window attention and global attention mechanisms, 

enabling efficient processing of long documents [4]. 

Applications include: 

• Legal document analysis  

• Scientific literature mining  

• Medical reports  

Reformer 

Reformer introduces: 

• Locality Sensitive Hashing (LSH)  

• Reversible residual layers  

These innovations substantially reduce memory 

consumption while maintaining competitive accuracy 

[5]. 

 

Linformer 

Linformer approximates the self-attention matrix 

through low-rank projections, reducing computational 

complexity from quadratic to nearly linear [6]. 

Performer 

Performer introduces FAVOR+ attention, 

approximating softmax attention using random feature 

mappings. 

Advantages include: 

• Linear complexity  

• Improved scalability  

• Reduced GPU memory  

BigBird 

BigBird combines: 

• Random attention  

• Global attention  

• Local attention  
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allowing efficient processing of sequences exceeding 

several thousand tokens while preserving theoretical 

expressive power [7]. 

 

4.4 Fourth Generation: Vision Transformers 

Researchers subsequently extended Transformers 

beyond NLP into computer vision. 

 

Vision Transformer (ViT) 

Vision Transformer treats an image as a sequence of 

fixed-size patches rather than pixels [8]. 

The workflow consists of: 

Image 

↓ 

Patch Extraction 

↓ 

Linear Embedding 

↓ 

Positional Encoding 

↓ 

Transformer Encoder 

↓ 

Classification Head 

ViT demonstrated that convolution is not mandatory 

for image understanding when trained on sufficiently 

large datasets. 

DeiT 

Data-efficient Image Transformers (DeiT) improve 

ViT performance using knowledge distillation and 

reduced training data requirements. 

Swin Transformer 

Swin Transformer introduces: 

• Shifted window attention  

• Hierarchical representation  

• Multi-scale feature extraction  

It achieves state-of-the-art performance in: 

• Object detection  

• Image segmentation  

• Medical image analysis  

4.5 Fifth Generation: Multimodal Foundation Models 

Recent Transformer research has focused on 

integrating multiple information modalities. 

Representative models include: 

• CLIP  

• BLIP  

• Flamingo  

• Kosmos  

• Gemini  

• GPT-4o  

These architectures jointly process: 

• Text  

• Images  

• Audio  

• Video  

enabling comprehensive multimodal reasoning. 

 

4.6 Domain-Specific Transformers 

Recent years have witnessed the emergence of 

specialized Transformer architectures. 

Examples include: 

Healthcare 

• Med-BERT  

• BioBERT  

• ClinicalBERT  

Scientific Computing 

• SciBERT  

Programming 

• CodeBERT  

• CodeT5  

Graph Learning 

• Graphormer  

• Graph Transformer  

Time Series 

• Informer  

• Autoformer  

• FEDformer  

Speech 

• Speech-Transformer  

• Whisper  

These specialized models incorporate domain-specific 

knowledge while retaining the advantages of attention-

based learning. 

 

4.7 Current Research Trends 

The latest Transformer research emphasizes: 

• Explainable Transformers  

• Efficient attention mechanisms  

• Federated Transformers  

• Edge AI  

• Green AI  

• Retrieval-Augmented Generation (RAG)  

• Mixture-of-Experts (MoE)  

• Long-context Transformers  

• Agentic AI systems  
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These developments indicate a transition from 

general-purpose architectures toward scalable, 

efficient, and trustworthy foundation models. 

 

Table 1. Taxonomy of Representative Transformer Models 

Category Representative Models Main Characteristics Major Applications 

Original Transformer Encoder–decoder, self-attention Machine translation 

Encoder-only 
BERT, RoBERTa, 

DeBERTa 

Bidirectional contextual 

learning 
NLP understanding 

Decoder-only GPT, LLaMA, Mistral Autoregressive generation Chatbots, code generation 

Encoder–

Decoder 
T5, BART, PEGASUS Text-to-text learning Translation, summarization 

Efficient 
Longformer, Performer, 

BigBird 
Reduced attention complexity Long-document processing 

Vision ViT, Swin, DeiT 
Patch-based image 

representation 
Computer vision 

Graph Graphormer, TokenGT Graph attention 
Molecular analysis, social 

networks 

Time Series Informer, Autoformer Long-sequence forecasting Energy, finance, weather 

Speech Whisper, SpeechT5 
Speech understanding and 

generation 
ASR, speech translation 

Multimodal 
CLIP, BLIP, GPT-4o, 

Gemini 
Cross-modal reasoning Vision-language AI 

Domain-specific 
BioBERT, SciBERT, 

CodeBERT 
Domain-adapted pretraining 

Healthcare, science, software 

engineering 

 

VIII. RESEARCH CHALLENGES 

 

Despite the remarkable success of Transformer-based 

architectures across numerous artificial intelligence 

applications, several technical and practical challenges 

continue to limit their widespread deployment. 

Addressing these challenges is essential for improving 

model efficiency, reliability, interpretability, and 

scalability. 

 

8.1 High Computational Complexity 

One of the most significant limitations of conventional 

Transformer architectures is the quadratic 

computational complexity of the self-attention 

mechanism. Given an input sequence of length n, the 

computational and memory complexity of standard 

self-attention is proportional to O(n^2)Consequently, 

processing long documents, high-resolution images, or 

large multimodal inputs requires substantial 

computational resources and memory capacity. 

Although efficient attention mechanisms such as 

Longformer, Performer, Linformer, and BigBird 

reduce computational requirements, they often 

introduce approximation errors or application-specific 

constraints. 

 

8.2 Large-Scale Data Requirements 

Transformer models typically require extensive 

datasets for effective pretraining. Large Language 

Models (LLMs) are commonly trained on trillions of 
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tokens collected from diverse sources. Similarly, 

Vision Transformers achieve optimal performance 

when trained on millions of labeled images. Such 

large-scale data requirements present considerable 

challenges in specialized domains such as healthcare, 

law, and scientific research, where annotated datasets 

are limited, expensive, or protected by privacy 

regulations. 

 

8.3 High Energy Consumption 

Training state-of-the-art Transformer models demands 

substantial computational infrastructure, including 

high-performance Graphics Processing Units (GPUs) 

or Tensor Processing Units (TPUs). The resulting 

energy consumption contributes significantly to 

operational costs and environmental impact. As model 

sizes continue to increase, sustainable and energy-

efficient deep learning has become an important 

research priority. 

 

8.4 Limited Explainability 

Although Transformer models achieve outstanding 

predictive performance, they generally function as 

black-box systems. The complex interactions among 

multiple attention heads and hidden representations 

make it difficult to understand how predictions are 

generated. This lack of transparency reduces user 

confidence, particularly in high-risk domains such as 

healthcare, autonomous vehicles, finance, and legal 

decision-making. Explainable Artificial Intelligence 

(XAI) techniques, including attention visualization, 

SHAP, LIME, and Integrated Gradients, have shown 

promise but still provide only partial explanations of 

Transformer behavior. 

 

8.5 Long-Context Processing 

Modern applications increasingly require reasoning 

over extremely long sequences, including books, 

research articles, legal contracts, genomic sequences, 

and software repositories. While several efficient 

Transformer variants extend context windows, 

maintaining consistent attention across very long 

inputs remains a challenging problem due to 

computational and memory limitations. 

 

8.6 Hallucination and Reliability 

Generative Transformer models occasionally produce 

factually incorrect, fabricated, or inconsistent 

information, commonly referred to as hallucinations. 

Such behavior limits their adoption in applications 

requiring high factual accuracy, including medical 

diagnosis, scientific writing, legal analysis, and 

financial forecasting. Developing reliable verification 

mechanisms remains an active area of research. 

 

8.7 Bias and Fairness 

Transformer models inherit biases present in their 

training data. These biases may manifest as unfair 

predictions related to gender, ethnicity, language, 

socioeconomic status, or geographic regions. Ensuring 

fairness while maintaining predictive performance 

remains a major challenge, particularly for foundation 

models trained on large-scale web data. 

 

8.8 Privacy and Security 

Training data used by large Transformer models may 

contain sensitive personal information. Furthermore, 

deployed models remain vulnerable to adversarial 

attacks, prompt injection, model inversion, and data 

extraction attacks. Developing secure, privacy-

preserving Transformer architectures is therefore 

becoming increasingly important for industrial and 

healthcare applications. 

 

8.9 Deployment on Resource-Constrained Devices 

The enormous parameter counts of modern foundation 

models significantly limit deployment on mobile 

devices, embedded systems, Internet of Things (IoT) 

devices, and edge computing platforms. Although 

model compression, pruning, quantization, and 

knowledge distillation have reduced inference costs, 

further optimization is required for real-time edge 

intelligence. 

 

IX. RESEARCH GAPS 

 

Despite substantial progress in Transformer research, 

several important research gaps remain insufficiently 

explored. 

 

Gap 1: Unified Transformer Frameworks 

Most Transformer architectures are designed for 

specific applications such as NLP, computer vision, or 

speech processing. A generalized architecture capable 

of efficiently supporting multiple domains without 

extensive task-specific modifications remains an open 

research problem. 
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Gap 2: Explainable Foundation Models 

Existing explanation techniques primarily visualize 

attention distributions rather than providing 

comprehensive causal explanations of model 

decisions. More robust XAI frameworks are required 

to improve transparency, user trust, and regulatory 

compliance. 

 

Gap 3: Resource-Efficient Large Models 

Current foundation models require extensive 

computational resources for both training and 

inference. Lightweight Transformer architectures 

capable of maintaining competitive performance on 

limited hardware remain an important research 

direction. 

 

Gap 4: Continual Learning 

Most Transformer models rely on static pretraining 

followed by fine-tuning. They struggle to incorporate 

new knowledge without catastrophic forgetting. 

Developing continual learning frameworks capable of 

incremental adaptation represents an important 

research opportunity. 

 

Gap 5: Domain Adaptation 

Although specialized models such as BioBERT and 

SciBERT have demonstrated promising performance, 

effective adaptation across multiple specialized 

domains without retraining remains insufficiently 

investigated. 

 

Gap 6: Trustworthy Artificial Intelligence 

Trustworthiness encompasses explainability, fairness, 

robustness, accountability, privacy, and security. 

Existing Transformer research often addresses these 

issues independently rather than developing integrated 

trustworthy AI frameworks. 

 

Gap 7: Multimodal Reasoning 

Current multimodal Transformers primarily integrate 

textual and visual information. More comprehensive 

reasoning across images, text, speech, video, sensor 

signals, robotics, and structured knowledge remains an 

emerging research area. 

 

Gap 8: Benchmark Standardization 

Transformer architectures are evaluated using diverse 

datasets, metrics, and experimental protocols, making 

fair comparison difficult. Standardized benchmarking 

frameworks would improve reproducibility and 

facilitate objective evaluation. 

 

X. FUTURE RESEARCH DIRECTIONS 

 

The rapid evolution of Transformer architectures 

suggests numerous promising directions for future 

investigation. 

 

10.1 Efficient Attention Mechanisms 

Future research should continue developing sparse, 

linear, adaptive, and hierarchical attention 

mechanisms capable of processing extremely long 

sequences while maintaining high predictive accuracy 

and low computational complexity. 

 

10.2 Explainable Transformers 

Integrating Explainable Artificial Intelligence directly 

into Transformer architectures will improve 

transparency and user trust. Future models should 

provide interpretable reasoning pathways, uncertainty 

estimates, and human-readable explanations to support 

critical decision-making. 

 

10.3 Green Artificial Intelligence 

Energy-efficient Transformer architectures represent 

an increasingly important research area. Future work 

should focus on reducing computational cost through 

lightweight architectures, model compression, 

quantization, pruning, and hardware-aware 

optimization while minimizing environmental impact. 

 

10.4 Edge and Tiny Transformers 

The development of compact Transformer models 

suitable for mobile devices, wearable systems, 

autonomous robots, drones, and IoT environments will 

significantly expand practical deployment 

opportunities. 

 

10.5 Federated Transformers 

Federated learning enables collaborative model 

training without centralized data collection. 

Integrating Transformer architectures with federated 

learning can improve privacy preservation while 

supporting healthcare, finance, and distributed 

industrial applications. 
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10.6 Retrieval-Augmented Generation 

Combining Transformer models with external 

knowledge retrieval systems can substantially reduce 

hallucinations while improving factual accuracy, 

interpretability, and domain adaptability. 

 

10.7 Scientific Foundation Models 

Future research is expected to develop specialized 

foundation models for medicine, biology, chemistry, 

materials science, climate modeling, and engineering, 

accelerating scientific discovery through domain-

specific knowledge integration. 

 

10.8 Hybrid Neural Architectures 

Combining Transformers with Graph Neural 

Networks, Convolutional Neural Networks, 

Reinforcement Learning, symbolic reasoning, and 

probabilistic models may overcome limitations 

associated with individual architectures and improve 

generalization across complex tasks. 

 

10.9 Autonomous AI Agents 

The emergence of agentic AI systems capable of 

planning, reasoning, memory management, and tool 

utilization represents a promising extension of 

Transformer-based foundation models. Future 

research will likely focus on autonomous multi-agent 

collaboration, long-term memory, and continual 

learning. 

 

10.10 Quantum-Inspired Transformers 

Quantum computing offers opportunities to accelerate 

optimization and attention computation. Investigating 

quantum-enhanced Transformer architectures may 

lead to significant improvements in computational 

efficiency for large-scale AI systems. 
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