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Transformer models have significantly advanced deep learning by introducing
parallel processing and enabling the modeling of long-range dependencies.
Despite their performance gains, their high computational and memory demands
hinder deployment in resource-constrained environments such as edge devices or
real-time systems. This review aims to analyze and compare Transformer
architectures by categorizing them into encoder-only, decoder-only, and encoder-
decoder variants and examining their applications in natural language processing
(NLP), computer vision (CV), and multimodal tasks. Representative models
BERT, GPT, TS5, ViT, and MobileViT are selected based on architectural diversity
and relevance across domains. Core components including self-attention
mechanisms, positional encoding schemes, and feed-forward networks are
dissected using a systematic review methodology, supported by a visual
framework to improve clarity and reproducibility. Performance comparisons are
discussed using standard evaluation metrics such as accuracy, Fl-score, and
Intersection over Union (IoU), with particular attention to trade-offs between
computational cost and model effectiveness. Lightweight models like DistilBERT
and MobileViT are analyzed for their deployment feasibility. Major challenges
including quadratic attention complexity, hardware constraints, and limited
generalization are explored alongside solutions such as sparse attention
mechanisms, model distillation, and hardware accelerators. Additionally, ethical
aspects including fairness, interpretability, and sustainability are critically
reviewed in relation to Transformer adoption across sensitive domains. This study
offers a domain-spanning overview and proposes practical directions for future
research aimed at building scalable, efficient, and ethically aligned. Transformer-
based systems suited for mobile, embedded, and healthcare applications.
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1. INTRODUCTION

In recent years, Transformer has been recognized as one of the most significant breakthroughs in the
development of deep learning, particularly in sequential and structured data processing. Transformer
architecture has reshaped modern deep learning models across NLP, vision, and speech, setting new
benchmarks in both academic and industrial applications. This architecture was first introduced by Vaswani et
al. in 2017 through a paper titled “Attention is All You Need”, and has since been widely used to replace
traditional approaches such as Recurrent Neural Networks (RNN) and Convolutional Neural Networks (CNN)
[1]. The paper introduced self-attention as a mechanism to replace recurrence, allowing global dependency
modeling and parallelized training. The main innovation offered by Transformer lies in its self-attention
mechanism, which allows long-term contextual relationships in data sequences to be modeled more effectively
[2][3].

In contrast to RNNs that process data sequentially, the Transformer is designed to enable parallel
processing, allowing for faster and more efficient model training [4]. This parallelism not only accelerates
training but also facilitates scaling to massive datasets, making it suitable for large-scale applications such as
web-scale language models. Alternative architectures such as LSTM with attention or hybrid RNN-transformer
models have been proposed to address these limitations, offering better efficiency in constrained tasks. This
advantage has been utilized to build large-scale models capable of achieving state-of-the-art performance in
various tasks, including the development of Large Language Models (LLM) such as GPT, BERT, and T5 [5].
Among Transformer variants, BERT excels in masked language modeling, GPT is designed for autoregressive
generation, and T5 unifies various NLP tasks under a text-to-text framework. In addition to speeding up the
training process, this architecture has also improved the generalization ability of the model in handling high
data complexity [6].

Along with the widespread application of Transformers, adaptations to various application domains have
been made. In natural language processing, Transformers have powered tasks like summarization and
translation. In computer vision, models like ViT have shown promising results. Time-series analysis and
multimodal tasks have also benefited from attention-based representations [7][8]. On the other hand, in time-
series analysis, the Transformer has been applied to tasks such as stock price forecasting and human activity
recognition, and superior results over conventional methods have been reported [9]. In addition, Transformers
have also been utilized in multimodal learning to integrate information from different types of data such as
text, image, and voice simultaneously [10]-[12].

Despite the advantages offered by Transformers, a number of technical challenges still need to be
overcome. The need for high computational resources and large memory consumption have been identified as
major constraints in the application of this architecture, especially in resource-constrained devices such as edge
devices and real-time systems [13][14]. Recent research has explored solutions such as model pruning,
quantization, and low-rank factorization to mitigate these challenges. In addition, the structural complexity of
Transformer architectures often makes optimization and deployment difficult in the context of practical
applications [15][16]. Therefore, an in-depth understanding of the advantages, limitations, and development
trends of Transformers is crucial to drive more efficient and applicable innovations in the future.

This article presents a comprehensive overview of the Transformer architecture and its foundational
principles. The evolution of its design, along with various architectural variants developed to meet diverse
application needs, is discussed systematically. Implementation challenges frequently encountered in practical
scenarios are identified and critically analyzed. Furthermore, emerging application trends of Transformer
models across multiple disciplines and industry sectors are highlighted to inform and guide future research and
development efforts. This review uniquely integrates domain-wide analysis with a focus on lightweight
adaptation and deployment efficiency, offering a structured roadmap for future Transformer development.

2. TRANSFORMER ARCHITECTURE
2.1. Basic Technology

One of the key innovations in the Transformer architecture lies in the implementation of the self-attention
mechanism, which enables the assessment of the relative importance between each element in a sequence to
be done effectively [17]. Through this mechanism, the contextual information of each token with respect to
other tokens can be thoroughly considered, without relying on a strict sequence structure as in previous models.
To calculate attention scores, three main vectors are used, namely Query (Q), Key (K), and Value (V) [18].
These scores are then used to direct the model's focus on the part of the input that is most relevant to a particular
context [19]. Unlike traditional mechanisms that rely on local dependencies, the Q, K, V self-attention structure
allows direct computation of global relationships between all elements in a sequence, enhancing
representational power and reducing sequential bottlenecks. Equation (1) refers to the calculation on the
concept of self-attention.
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In addition to the ability to capture long-term dependencies, Transformer is also designed to support fully
parallel processing. This parallelism significantly reduces training time and makes Transformer models
scalable for massive datasets, a critical factor in training large language models (LLMs). Unlike Recurrent
Neural Networks (RNN) that process inputs sequentially, Transformer processes all tokens in a sequence
simultaneously. This approach allows the training and inference process to be done in a much more time-
efficient manner [17].

To enrich the representation of relations between tokens, multi-head attention is used, where multiple
attention heads are operated in parallel to capture various relational perspectives in the data. Each head works
independently, and the results are consolidated through a concatenation process followed by a linear
transformation, thus obtaining a more informative and contextualized final representation [20]. The
concatenated output is then projected through a learnable linear transformation to combine multiple attention
heads into a single representation with consistent dimensions. Formula (2) is a representation of multi head
attention.

MultiHead (Q,K,V) = Concat(head,, ..., head,)W° )
With
head; = Attention(QWS°, KWX,vw})

Because Transformer does not have an explicit internal structure for representing positional order as in
RNN, positional encoding is added to the input embedding vector [21]. This addition is done so that the relative
position information between tokens remains available to the model, so that the data sequence can still be
implicitly understood during the attention process [22]. A common choice is sinusoidal positional encoding,
where each position is represented by a combination of sine and cosine functions at varying frequencies,
enabling the model to distinguish relative positions without additional parameters.

2.2. Architecture

The Transformer's initial architecture was designed based on an encoder-decoder structure composed of
multiple iterative layers in each of its components [23]. In this design, the input sequence is first processed by
the encoder module, and then the results are utilized by the decoder module to generate the output sequence
incrementally. This separation allows input information processing and output generation to be done in a
modular yet integrated manner. The interaction between the two modules is mediated through a cross-attention
mechanism, which allows the encoded input representation to be used to contextually guide the decoding
process [24]. Details of the architecture can be seen in Figure 1.

As illustrated in Figure 1, the Transformer consists of stacked encoder and decoder layers, each encoder
layer is designed to capture the internal relationships between elements in the input sequence through two main
components: multi-head self-attention and position-wise feed-forward network [25][26]. The self-attention
component is responsible for modeling dependencies between tokens, regardless of the positional distance
between them [27]. Meanwhile, the feed-forward component is in charge of transforming the attentional
representation into more abstract and non-linear features [23]. To maintain training stability and facilitate
gradient propagation, residual connections and layer normalization are also applied to each sub-layer [28].
Residual connections help mitigate vanishing gradients, while layer normalization accelerates convergence by
stabilizing the training dynamics.

The self-attention mechanism forms the backbone of this architecture, where each token is given the
ability to access information from other tokens in the sequence directly [29]. Through query, key, and value
vectors, an attention score is calculated to determine the relative contribution of each token to the final
representation. This mechanism allows the global context of the sequence to be modeled efficiently, even for
long sequences, which was previously a major drawback of RNN models [30].

The decoder layer structure, on the other hand, is designed by maintaining the basic components of the
encoder, but with the addition of one additional multi-head attention block [31]. This block allows the decoder
to focus attention on the output of the encoder, so that important information from the input can be utilized
during the output generation process [32]. In addition, masked attention is applied to the self-attention in the
decoder section to maintain autoregressive properties, such that tokens in the current position do not have
access to tokens that have not yet been generated [33]. This is important in maintaining sequence validity
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during inference. Masked self-attention in the decoder ensures that predictions are conditioned only on previous
tokens, enabling effective autoregressive language modeling.

At each layer, in both the encoder and decoder, a feed-forward network (FFN) is inserted after the
attention module. The FFN consists of two linear transformations separated by a non-linear activation function,
typically ReLU [34][35]. The FFN typically consists of two linear transformations with a hidden layer
dimension of 2048 and an output size equal to the model dimension. This function is independent of token
position, and is applied identically to each token in the sequence. The aim is to increase the non-linear capacity
of the model as well as strengthen the separation of local features that have been encoded by previous
attentional blocks.

Overall, the Transformer architecture integrates attention and non-linear transformation capabilities in an
iterative structure that can be parallelized very well. This design flexibility not only improves training
efficiency, but also enables extension to various application domains such as computer vision, time series, and
multimodal learning. The modular encoder-decoder design also facilitates the adaptation of this architecture to
various input-output scenarios, whether in the context of classification, generation, or sequence-to-sequence
mapping.

Encoder-only models, such as BERT, are typically used for tasks that require full input context
understanding, like text classification or named entity recognition. Decoder-only models, such as GPT, are
optimized for generative tasks, where text is produced one token at a time. Meanwhile, full encoder-decoder
architectures, such as TS5 or Transformer-based translation models, are well-suited for sequence-to-sequence
tasks like machine translation or summarization, where an input sequence is mapped to a different output
sequence.
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Figure 1. Standard Transformer Architecture

3. Architectural Evolution and Variation
3.1. NLP-based Variants

Transformer architectures have revolutionized the field of natural language processing (NLP) through the
development of various model variants that excel in tasks such as text classification, sentiment analysis,
translation, and question answering [36]. Models such as BERT, GPT, and T5 became important milestones,
each with bidirectional, generative, and text-to-text format approaches [37]. For efficiency, variants such as
Longformer and Performer were designed to handle long sequences with lower complexity [38], while domain-
specific adaptations were also made, as in Relphormer for knowledge graphs and Transformer models in
bioinformatics [39][40].

In additional to large models, lightweight variants such as DistilBERT, TinyBERT, and MobileBERT
were developed for devices with limited resources [41]. Transformers are also applied to specialized
applications, such as Transformer-XL for automatic speech recognition [42], IndoBERT for Indonesian
sentiment analysis [43], and SecurityBERT for cyber threat detection in IoT networks [44]. These variants
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demonstrate the flexibility of the Transformer architecture in various NLP contexts and implementation needs.
Table 1 is a summary of the NLP variants that use Transformer.

Table 1. Summary of Transformer Development in the Natural Language Processing Field

Variant Key Features Applications
BERT Bidirectional language modeling Text classification, sentiment analysis
GPT Generative text modeling Text generation
T5 Text-to-text approach Translation, summarization
Longformer Efficient long-sequence handling Long-range attention tasks
Performer Kernel-based attention approximation Efficient attention mechanism
DistilBERT Compact and efficient Low-resource NLP tasks
IndoBERT High performance in sentiment analysis Sentiment analysis
SecurityBERT Cyber threat detection 10T cybersecurity
Relphormer Knowledge graph representation Knowledge graph tasks
Transformer-XL Improved ASR performance Automatic Speech Recognition

3.2. Vision Based Transformer

The application of Transformer architecture to computer vision is realized through the development of
Vision Transformer (ViT), which defines a new paradigm in digital image processing. Unlike CNNs that use
local convolutions to extract spatial features, ViT processes an image by dividing it into small fixed-size
patches, then flattening each patch into a vector and mapping it into the embedding space using linear projection
[45]. The set of patch tokens, coupled with classification tokens ([CLS]) and positional embedding [46], are
then processed through several Transformer encoder blocks consisting of a multi-head self-attention
mechanism and feed-forward network, respectively [47]. This approach allows the model to capture global
spatial relationships across the image from an early stage, different from the stepwise hierarchy in CNN. The
ViT architecture can be seen in Figure 2.
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Although the ViT architecture offers high representation flexibility and efficient computational
parallelization, its success is highly dependent on data scale and training resources [32]. Without inductive
biases such as locality and translation invariance that CNN possesses, ViT requires large datasets and strong
regularization strategies in order to generalize well [48]. However, in benchmark experiments such as
ImageNet, ViT has shown competitive performance and even outperformed conventional CNNs in
classification and segmentation tasks when trained with large-scale pretraining [45].

To bridge the efficiency and scalability limitations of ViT, a number of advanced architectural variants
have been developed, such as Swin Transformer, BEiT, and DeiT. Swin Transformer introduces window-based
local attention that is shifted between layers, enabling hierarchical learning with lower complexity [49]. BEiT
adopts a masked image modeling-type pretraining scheme similar to BERT, but applied to visual tokens [50].
On the other hand, DeiT is specifically designed to be efficiently trained on medium-sized datasets with the

Figure 2. Architecture of the Vision Based Transformer
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help of token distillation, making it an ideal solution for resource-constrained scenarios [51]. Overall, these
architectures have reinforced Transformer's position as a strong and flexible alternative foundation in the
modern computer vision ecosystem.

3.3. Efficient and Lightweight Transformer

The growing demand for computational efficiency, especially in the context of deployment on resource-
constrained devices such as edge devices and real-time systems, has led to the development of various
lightweight Transformer variants. Architectures such as MobileViT and Linformer have been designed to
effectively maintain contextual representation capabilities, but with lower computation complexity than
conventional Transformers [52][53]. In MobileViT, the Transformer module has been integrated into a
lightweight convolutional framework, thus benefiting from both the global representation advantages of the
Transformer and the spatial efficiency of CNNs. Meanwhile, Linformer adopts a linear projection approach
with a low-rank approximation to the attention matrix, which enables the reduction of memory complexity
0(n?) to 0(n), without significant performance degradation.

To further improve efficiency, a number of additional strategies have been implemented, including
sparsity, quantization, and kernelized attention techniques [54]-[56]. Through these approaches, full attention
can be approached computationally with a much lighter load. For example, architectures such as Performer
have used kernel-based approximations to represent attention in long sequences with better time and space
efficiency. Such strategies enable Transformer to be used in real-time and embedded scenarios, where
computational efficiency is a critical factor.

In addition to architectural optimization, knowledge distillation-based approaches have also been widely
adopted to generate small yet competitive Transformer models [57]. In this approach, large pre-trained models
(teacher models) are used to transfer knowledge to smaller models (student models), with the aim of
maintaining accuracy while reducing the number of parameters and inference time. Models such as
DistilBERT, TinyBERT, MobileBERT, and MiniLM are the result of the distillation process that have
successfully maintained high performance on various NLP tasks, despite being run in a limited computing
environment [58]. With the combined application of distillation techniques and efficient architecture design,
the lightweight Transformer has been positioned as a relevant solution for various modern applications that
require high performance with minimal computational footprint.

4. METRIC EVALUATION

Evaluating the performance of Transformer architectures is generally done by considering a number of
aspects, including prediction accuracy, computational efficiency, and generalizability to various application
domains. In the field of natural language processing (NLP), metrics such as accuracy [59], F1-score [60], BLEU
score [61], and perplexity [62] have been widely used to measure model quality in tasks such as classification,
translation, and text generation. Meanwhile, in the computer vision domain, model performance is assessed
using metrics such as Top-1 accuracy [63], mean Intersection over Union (mloU) [64], and mean Average
Precision (mAP) [65], depending on the type of task at hand, such as classification, segmentation, or object
detection.

Besides the accuracy aspect, computational efficiency is also an important factor in assessing the
feasibility of Transformer implementation, especially in production scenarios and on resource-constrained
devices. Frequently used parameters include the number of model parameters [66], Floating Point Operations
per Second (FLOPs) [67], inference time [68], and memory consumption [66]. Lightweight Transformer
models such as MobileViT, TinyBERT, and Linformer are not only evaluated in terms of prediction accuracy,
but also through efficiency measurements during the training and deployment process. Therefore, the trade-off
between performance and efficiency is a crucial evaluative dimension in the development of modern
architectures.

In addition to testing on standard benchmarks such as GLUE, SQuAD, and ImageNet, a number of studies
have also evaluated the generalization capability of Transformer models on real-world data as well as
specialized domains such as healthcare, bioinformatics, and cybersecurity. Qualitative evaluation and error
analysis are often conducted to identify model limitations as well as potential biases in the prediction results
[69]. With such a comprehensive evaluative approach, the performance of the Transformer architecture can be
holistically assessed not only based on accuracy, but also the sustainability and effectiveness of its application
in the context of real applications.

5. CHALLENGES AND FUTURE DIRECTIONS

The Transformer model, although successfully applied to various machine learning tasks, still faces a
number of significant technical challenges. The quadratic complexity of the self-attention mechanism has led
to high computational requirements, especially for long sequences and large-scale datasets [70]. For instance,
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processing a sequence of 10,000 tokens with a standard self-attention mechanism requires approximately 100
million attention computations, making it computationally prohibitive for long-document analysis or DNA
sequence modeling. A consequence of this is the limited applicability of the Transformer on resource-
constrained devices, such as Internet of Things (IoT) systems and edge devices [71]. These limitations are
particularly evident in real-world settings such as wearable devices, edge Al cameras, and smart home
assistants, where limited memory and compute power restrict the feasibility of deploying full-scale
Transformer models.

In addition to algorithmic complexity, the need for hardware resources is also a major bottleneck. Unlike
RNNs or LSTMs, which process input step-by-step and inherently maintain sequential state, Transformer
models lack an iterative structure. This can lead to issues in tasks where temporal causality or recursive state
representation is beneficial, such as sensor fusion or time-sensitive forecasting. Large computational capacity
and memory are required for training and inference, which makes it difficult to implement on devices with
limited power, including battery-powered devices and real-time applications [72][73]. On battery-powered
systems such as mobile health monitors or autonomous drones, energy efficiency becomes critical. Transformer
models with millions of parameters often require frequent offloading to servers or significant hardware
optimization to maintain functionality. Large model sizes also impact energy consumption and environmental
footprint. Although techniques such as weight pruning and compression have been developed to reduce such
burden, performance degradation often still occur [71].

The non-iterative structure of Transformer has made replication difficult for traditional learning
algorithms that rely on iterative processes. This makes the Transformer architecture less suitable for certain
types of problems unless structural modifications are made. In addition, the difficulty in implementing
Transformers on edge devices is also due to the need for low power consumption and high efficiency. To
address this, hardware accelerators and reparameterization approaches have been developed [74]. Recent
efforts have explored solutions such as hardware accelerators, reparameterization, and high-rank factorization.
Reparameterization refers to restructuring model components such as replacing dense layers with more
efficient alternatives to reduce computational cost while preserving functionality. High-rank factorization, on
the other hand, decomposes large weight matrices into multiple smaller matrices, thereby reducing memory
usage and speeding up matrix operations.

Various future research directions have been proposed to address these challenges. The development of
accelerators such as Habana GAUDI and Ayaka has been directed towards improving energy efficiency and
throughput over a wide range of input sizes [75]. In addition, approaches such as high-rank factorization (HRF)
and de-HRF processes have been used to optimize the performance of lightweight Transformer models, making
them more suitable for deployment on resource-constrained devices [71]. Efforts to integrate iterative
characteristics into the Transformer design, such as through the development of looped Transformer
architecture, have also been introduced as a solution to mimic the behavior of traditional iteration-based
learning algorithms. On the other hand, distributed training strategies such as pipeline parallelism continue to
be optimized to balance computational and memory load in large-scale training scenarios [76]. The expansion
of Transformer applications to the domains of multimodal learning [77], industrial predictive maintenance
[78][79], as well as energy forecasting, also opens up opportunities to strengthen the generalization of this
architecture in various sectors. Although in some cases classical models such as Support Vector Regression
(SVR) still show superiority [80], Transformers are expected to remain a key foundation in the development
of efficient, adaptive, and cross-domain modern machine learning systems. These approaches aim to overcome
current bottlenecks by improving computational efficiency, enhancing memory handling, and enabling real-
time deployment especially critical for applications in autonomous vehicles, healthcare monitoring, and edge
robotics. By addressing these core challenges, future Transformer designs can become more accessible,
sustainable, and adaptable accelerating adoption across critical industries ranging from healthcare to
autonomous systems.

6. CONCLUSION

The Transformer architecture has been established as a key framework in the development of modern
deep learning models. Unlike RNNs or LSTMs that rely on sequential data processing, the self-attention
mechanism enables the Transformer to model long-range dependencies in parallel, improving both training
speed and contextual understanding. Its superiority in handling sequential and spatial data through self-
attention mechanisms allows long-term contextual relationships to be modeled efficiently. The parallel
processing enabled by this architecture has also improved the speed of training and generalization of models
on various tasks, particularly in natural language processing, computer vision, and multimodal learning.

Various variants of Transformer have been developed to suit application needs and system efficiency,
such as BERT, GPT, ViT, Swin Transformer, as well as lightweight models such as Linformer, MobileViT,
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and DistilBERT. Transformer variants can be broadly categorized into general-purpose models (e.g., BERT,
GPT), vision-focused architectures (e.g., ViT), and lightweight designs optimized for efficiency (e.g.,
MobileViT, DistilBERT). Based on the performance evaluation, it has been demonstrated that high accuracy
can be achieved, but it is still overshadowed by large resource requirements and high inference complexity,
especially in computationally constrained environments. Lightweight Transformer models are particularly
advantageous for deployment in mobile NLP applications, wearable health monitoring systems, or embedded
devices where latency and power constraints are critical.

Several technical challenges remain to be overcome, including quadratic complexity of attention,
limitations of non-iterative architectures, and barriers to deployment on edge devices. However, the non-
iterative nature of the Transformer can limit its ability to model sequential dependencies where temporal
ordering is crucial, posing challenges for tasks requiring real-time feedback or continuous learning. For this
reason, future research is directed towards developing more efficient structures, utilizing distillation
techniques, more adaptive multimodal integration, and the use of hardware accelerators. Among the emerging
directions, sparse attention mechanisms show great promise in reducing computational overhead while
maintaining performance, especially for processing long sequences. In addition to technical aspects, attention
is also being paid to energy sustainability, model bias, and system transparency. Future development must also
prioritize ethical aspects such as fairness, sustainability, and transparency to ensure that Transformer-based
systems contribute positively and equitably in real-world deployments, particularly in sensitive domains like
healthcare and governance. By addressing these challenges, Transformer is expected to continue to be
developed into an efficient, responsible artificial intelligence solution that can be widely implemented in
various critical sectors, both academic and industrial.
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