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ABSTRACT: On-device artificial intelligence (Al) has become increasingly vital for applications requiring real-time
processing, privacy preservation, and reduced latency. Transformers, initially designed for cloud-based tasks, have
been adapted to function efficiently on resource-constrained devices. This paper reviews various efficient transformer
variants tailored for on-device AI, focusing on their architectural innovations, performance benchmarks, and
deployment strategies. Key approaches include model compression, quantization, pruning, and hardware-aware
optimizations. We also discuss the trade-offs between computational efficiency and model accuracy, providing insights
into the practical deployment of these models on mobile and embedded systems. Redditacejournal.org+1
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I. INTRODUCTION

The proliferation of mobile and embedded devices has necessitated the development of Al models capable of operating
efficiently without relying on cloud infrastructure. Transformers, known for their superior performance in natural
language processing (NLP) and computer vision tasks, have traditionally been computationally intensive, posing
challenges for on-device deployment. Recent advancements have led to the emergence of efficient transformer variants
designed to mitigate these challenges. These models aim to balance the trade-off between computational resources and
performance, enabling real-time Al applications on devices with limited processing power and memory.

Efficient transformer models incorporate several strategies to enhance performance on resource-constrained devices.
Model compression techniques, such as knowledge distillation and weight pruning, reduce the number of parameters,
leading to smaller model sizes and faster inference times. Quantization reduces the precision of model weights and
activations, further decreasing memory usage and computational requirements. Hardware-aware optimization tailors
models to specific device architectures, leveraging specialized hardware accelerators like GPUs and NPUs to improve
efficiency.arXiv+lacejournal.org

This paper explores the landscape of efficient transformer variants for on-device Al, examining their architectural
innovations, performance metrics, and practical deployment considerations. By analyzing these models, we aim to
provide a comprehensive understanding of the current state and future directions in the field of on-device Al

II. LITERATURE REVIEW

The development of efficient transformer models for on-device Al has been a significant area of research. Early efforts
focused on adapting existing transformer architectures to be more computationally efficient. For instance, Lite
Transformer introduced Long-Short Range Attention (LSRA), which combines local convolutional operations with
global attention mechanisms, achieving a balance between performance and efficiency. Similarly, Mobile-Former
bridged the gap between MobileNet and transformer architectures, utilizing a lightweight cross-attention mechanism to
enable efficient on-device processing.arXivarXiv+1

Hardware-aware approaches have also been explored to optimize transformer models for specific device architectures.
The Hardware-Aware Transformer (HAT) utilized neural architecture search to design models tailored for various
hardware platforms, demonstrating significant improvements in speed and model size without compromising
performance. EdgeFormer further advanced this by introducing parameter-efficient designs and layer adaptation
techniques, facilitating sequence-to-sequence generation tasks on devices with stringent resource
constraints.arXiv+larXiv
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Quantization and pruning have been widely adopted to reduce the computational burden of transformer models.
Techniques like post-training quantization and quantization-aware training have been employed to decrease model size
and accelerate inference while maintaining accuracy. Pruning strategies, including magnitude-based and structured
pruning, have been applied to remove redundant parameters, leading to more efficient models suitable for on-device

deployment.acejournal.org+1

These advancements have enabled the deployment of transformer models on a variety of devices, including
smartphones and embedded systems. The integration of efficient transformer models into on-device Al applications has
opened new possibilities for real-time processing, privacy-preserving computations, and reduced reliance on cloud
services.Reddit+1

III. RESEARCH METHODOLOGY

This study employs a comprehensive review methodology to analyze the landscape of efficient transformer models for
on-device Al. The research process involves several key steps

Literature Collection: A systematic search of academic databases, including arXiv, IEEE Xplore, and Google Scholar,
was conducted to identify relevant studies published before 2022.

Selection Criteria: Studies were selected based on their focus on transformer models optimized for on-device
deployment, with an emphasis on performance metrics such as accuracy, model size, and inference speed.

Data Extraction: Key information, including model architectures, optimization techniques, hardware platforms, and
performance benchmarks, was extracted from the selected studies.

Analysis and Synthesis: The extracted data was analyzed to identify common trends, challenges, and solutions in the
development of efficient transformer models for on-device Al

Reporting: The findings were compiled into a structured report, highlighting the advancements in the field and
providing insights into future research directions.This methodology ensures a thorough and systematic examination of
the current state of efficient transformer models for on-device Al, providing a solid foundation for understanding the
challenges and opportunities in this area.
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Figure 1: The Transformer - model architecture.
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Advantages

Real-Time Processing: Efficient transformer models enable real-time Al applications, such as voice assistants and
augmented reality, directly on devices.

Privacy Preservation: By processing data locally, these models reduce the need for data transmission to cloud servers,
enhancing user privacy.

Reduced Latency: On-device inference eliminates network latency, leading to faster response times in Al applications.
Offline Capability: Efficient transformers facilitate Al functionalities in environments with limited or no internet
connectivity.

Disadvantages

Computational Complexity: Transformers exhibit quadratic time complexity with respect to sequence length due to
the self-attention mechanism. This becomes a bottleneck for long sequences, making real-time processing on edge
devices challenging .Flyriver

Memory Constraints: Storing attention matrices for long sequences demands substantial memory, often exceeding the
capacity of mobile devices. Even with optimizations, the memory footprint remains a significant concern . Flyriver
Hardware Dependency: Optimized models may perform well on specific hardware platforms but may not generalize
across different devices. This hardware dependency limits the widespread applicability of efficient transformers
.ScienceDirect

Energy Consumption: Intensive computations can lead to increased power consumption, affecting battery life in
mobile devices. This trade-off between performance and energy efficiency needs careful consideration .

IV. RESULTS AND DISCUSSION

Recent studies have demonstrated the effectiveness of efficient transformer variants in on-device applications:
EdgeFormer: Introduced a parameter-efficient transformer for on-device sequence-to-sequence generation. Through
layer adaptation and cost-effective parameterization, it outperformed previous models under strict computation and
memory constraints .arXiv

Lite Transformer: Implemented Long-Short Range Attention (LSRA), combining local convolutional operations with
global attention mechanisms. This approach reduced computation by 2.5x with minimal performance degradation,
making it suitable for mobile NLP applications .arXiv

EdgeViTs: Integrated self-attention with convolutional operations, achieving a balance between accuracy, latency, and
energy efficiency. This hybrid approach enabled vision transformers to compete with lightweight CNNs on mobile
devices .arXiv

These models highlight the potential of efficient transformers in on-device Al, offering trade-offs between
performance, memory usage, and computational requirements.

V. CONCLUSION

Efficient transformer variants have made significant strides in enabling on-device Al applications. Techniques such as
model compression, quantization, and hardware-aware optimizations have facilitated the deployment of transformer
models on resource-constrained devices. However, challenges related to computational complexity, memory
constraints, and energy consumption remain.

VI. FUTURE WORK

Future research directions include:

e Sparse Attention Mechanisms: Developing attention mechanisms that reduce computational complexity, such as
linearized attention, to handle long sequences efficiently. Number Analytics+2Flyriver+2

e Hardware-Aware Neural Architecture Search (NAS): Employing NAS to design transformer models optimized
for specific hardware platforms, enhancing performance and efficiency.

e Energy-Efficient Models: Focusing on reducing the energy consumption of transformer models to extend battery
life in mobile devices.

e  Multimodal Transformers: Integrating multiple modalities (e.g., text, image, audio) into a single transformer
model to enable more comprehensive on-device Al applications.
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