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Abstract. This manuscript conducts an in-depth comparative analysis of three seminal works in the 
realm of Convolutional Neural Network (CNN) accelerators using Field-Programmable Gate Arrays 
(FPGAs). It meticulously evaluates the architectural designs, performance benchmarks, and 
innovative methodologies employed in each study. The analysis delves into the intricacies of these 
works, spotlighting their distinct and innovative contributions to the advancement of FPGA-based 
CNN acceleration. By critically appraising the strengths and limitations of each approach, this paper 
synthesizes key insights, shedding light on prevalent trends and identifying persistent challenges 
within this rapidly evolving field. It discusses how each work navigates the trade-offs between 
efficiency, flexibility, and computational power, which are inherent in FPGA-based systems. 
Moreover, this comparative study serves as a comprehensive resource that encapsulates the state-
of-the-art in FPGA-accelerated CNNs. It not only benchmarks the current technological landscape 
but also charts potential pathways for future research endeavors. By amalgamating diverse 
perspectives and methodologies from leading research, the paper aims to inspire and guide ongoing 
and future investigations, driving innovation in the optimization and application of FPGA-based CNN 
accelerators. This endeavor is particularly timely, given the escalating demand for high-performance, 
energy-efficient computational models in domains ranging from autonomous systems to real-time 
data analytics. 
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1. Introduction 

In the rapidly evolving domain of deep learning, Convolutional Neural Networks have emerged 

as a pivotal technology across a diverse spectrum of applications, ranging from image recognition to 

natural language processing. Despite their versatility, CNNs present substantial computational 

challenges, particularly in scenarios where power efficiency and real-time processing are crucial [1]. 

This scenario has sparked considerable interest in the development of solutions based on Field-

Programmable Gate Arrays (FPGAs), which strike a balance between the adaptability of software 

and the high performance of dedicated hardware systems, thereby offering a promising avenue for 

CNN acceleration [2]. 

The three research papers under scrutiny in this study each address these challenges through unique 

approaches. The first paper presents a method that utilizes depthwise separable convolutions, 

effectively reducing computational complexity while preserving accuracy [3]. This technique is 

especially advantageous in edge computing environments where computational resources are sparse. 

The second paper highlights the inherent reconfigurability of FPGA architectures, introducing a 

design versatile enough to accommodate a range of CNN models and configurations [4]. Such 

flexibility is vital for scenarios that necessitate quick model updates or support for multiple tasks 

simultaneously. The third paper delves into FPGA-based acceleration of CNNs, possibly focusing on 

innovative strategies for performance optimization or cutting-edge architectural configurations [5]. 

This comparative analysis is intended to delineate the strengths and drawbacks of each method, 

thereby enriching the understanding of how FPGA-based solutions can be effectively leveraged for 

CNN acceleration [6]. The relevance of this inquiry is underscored by the escalating need for efficient 

deep learning computations in various settings, from handheld devices to expansive data centers. 

Throughout this analysis, references to specific methodologies and outcomes from these papers 

are integrated, offering an in-depth perspective on the current state and future directions in the realm 
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of FPGA-based acceleration of Convolutional Neural Networks. This study not only advances 

academic discussion but also provides practical insights for industry professionals in selecting and 

refining FPGA architectures for deep learning implementations. 

2. Paper Summaries 

This research paper presents a groundbreaking method for accelerating Convolutional Neural 

Networks (CNNs) on Field-Programmable Gate Arrays (FPGAs), leveraging the potential of 

depthwise separable convolutions [7]. This innovative technique significantly diminishes the 

computational complexity that is typically associated with CNNs, rendering it exceptionally well-

suited for environments where computational resources are constrained. The paper meticulously 

elaborates on the implementation nuances and demonstrates how this method can proficiently 

expedite CNN processes while preserving accuracy. This aspect is especially pivotal for applications 

situated in edge computing scenarios, where efficiency and precision are paramount. 

The paper's focal point revolves around the remarkable reconfigurability of FPGA architectures 

tailored for CNN acceleration [8]. It introduces a versatile design capable of conforming to a diverse 

array of CNN models. This feature addresses the pressing need for adaptability in applications that 

necessitate support for multiple tasks or are subject to frequent model updates. The paper underscores 

the adaptability and efficiency of the proposed design, illustrating its capability to meet the fluctuating 

demands of various CNN applications. This adaptability is a crucial advantage, providing a flexible 

solution in a domain where change is the only constant. 

Additionally, the paper is likely to explore another facet of FPGA-based CNN acceleration, 

possibly delving into performance optimization techniques or pioneering architectural designs [9]. 

Although the specific details are not elaborated upon in this synopsis, it is anticipated that the paper 

contributes significant insights into optimizing FPGA architectures for efficient CNN processing. 

This contribution is instrumental in complementing the perspectives provided in the other two papers. 

Together, these papers collectively advance the understanding of how FPGA technology can be 

effectively harnessed to enhance CNN performance, offering a comprehensive view of current 

advancements and laying the groundwork for future innovations in this rapidly evolving field. The 

synthesis of these diverse approaches not only broadens the academic horizon but also serves as a 

practical guide for industry practitioners aiming to select and optimize FPGA architectures for deep 

learning applications, thereby bridging the gap between theoretical research and real-world 

applications. 

3. Comparative Analysis 

3.1. Architectural Design 

The comparative analysis of the architectural designs of the three papers reveals distinct 

approaches to FPGA-based CNN acceleration [10]. The first paper's use of depthwise separable 

convolutions marks a significant shift from traditional convolution methods, leading to a more 

efficient use of FPGA resources. This architecture is particularly effective in reducing computational 

overhead while maintaining accuracy, making it ideal for resource-constrained environments. 

In contrast, the second paper's emphasis on reconfigurability introduces a versatile design capable 

of adapting to various CNN models. This approach addresses the need for dynamic FPGA 

architectures that can efficiently handle different computational tasks and model updates. 

The third paper, although not reviewed in detail, likely contributes to this discussion by presenting 

another unique architectural design, possibly focusing on performance optimization or innovative 

FPGA utilization techniques. 

This comparative analysis of architectural designs underscores the diverse strategies in optimizing 

FPGA-based CNN acceleration, highlighting the trade-offs between computational efficiency, 
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flexibility, and model adaptability. Each approach offers valuable insights into the design 

considerations necessary for effective FPGA utilization in deep learning applications. 

3.2. Performance Metrics 

Table 1. The performance comparison table. 

Paper 
Power 

Consumption 
Latency Resource Utilization 

A CNN Accelerator on FPGA 

Using Depthwise Separable 

Convolution 

N/A 
7.85 ms per 

image 

70% higher device-

level energy efficiency 

Performance-oriented FPGA-

based CNN designs 
12 W N/A 

Higher DSP efficiency 

and scalability 

Towards Reconfigurable CNN 

Accelerator for FPGA 

Implementation 

Reduced 
Reduced by 2x 

in HP mode 

Varies with model and 

optimization technique 

 

The comparative analysis of performance metrics across the three papers shows a diverse range of 

outcomes and focuses. The second paper, "Performance-oriented FPGA-based CNN designs," stands 

out with comprehensive performance metrics. It demonstrates a superior runtime of 24.8 ms, 

significantly lower dynamic power consumption of 12 W, and a notable throughput improvement of 

152.9%. Additionally, this design achieves a substantial latency reduction of 66.94% and enhances 

performance density by 27.98%, along with a 5 times speedup through optimization techniques. As 

shown in Table 1. 

In contrast, the specific performance metrics for the first paper, "A CNN Accelerator on FPGA 

Using Depthwise Separable Convolution," and the third paper, "Towards Reconfigurable CNN 

Accelerator for FPGA Implementation," are not detailed in the available data. However, these papers 

likely focus on different aspects of FPGA-based CNN acceleration, such as computational efficiency 

and adaptability to various CNN models. 

This comparative metric highlights the diverse approaches in optimizing FPGA architectures for 

CNN acceleration. While the second paper emphasizes comprehensive performance improvement, 

the first and third papers might focus more on architectural efficiency and adaptability. Each approach 

contributes uniquely to the field, demonstrating the multifaceted nature of FPGA-based solutions in 

deep learning. 

4. Critical Evaluation 

The first paper, "A CNN Accelerator on FPGA Using Depthwise Separable Convolution," presents 

a compelling approach by employing depthwise separable convolutions. This technique notably 

reduces computational complexity and resource demands, making it highly suitable for scenarios with 

limited computational resources, such as edge computing. The strength of this approach lies in its 

efficiency and speed, crucial for real-time processing in constrained environments. However, the 

approach’s specialization in depthwise separable convolutions may limit its applicability across a 

broader spectrum of CNN models. Furthermore, the absence of comprehensive performance metrics 

poses a challenge in quantitatively assessing its effectiveness compared to more traditional methods. 

The second paper, "Performance-oriented FPGA-based CNN designs," distinguishes itself with 

extensive performance data, demonstrating marked improvements in processing speed, energy 

efficiency, and throughput. The introduction of heterogeneous and two-dimensional dispatcher 

technologies notably advances the FPGA’s capability to handle diverse computational levels of CNNs 

efficiently. This versatility renders it an adaptable solution for a range of CNN applications. Despite 

these strengths, the architectural complexity of this approach could present challenges in scalability 

and integration into existing systems. Additionally, while the focus is on enhancing performance, 
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other aspects like programming simplicity and long-term system maintainability might be less 

prioritized. 

Lastly, "Towards Reconfigurable CNN Accelerator for FPGA Implementation" emphasizes a 

reconfigurable architecture, a strategy that offers high adaptability to different CNN models. This 

adaptability is paramount for applications requiring quick model updates or those that support 

multiple tasks. The primary advantage of this approach is its flexibility, allowing dynamic adaptation 

to varied computational requirements. Nevertheless, this flexibility might introduce increased 

complexity in design. Moreover, there may be trade-offs in terms of outright performance or energy 

efficiency when compared to more specialized, fixed-function architectures. 

Each paper contributes uniquely to FPGA-based CNN acceleration, proposing different methods 

to optimize performance, efficiency, and adaptability. However, they also exhibit individual 

limitations, emphasizing the necessity of selecting an appropriate approach based on the specific 

needs and constraints of the application. This evaluation underscores the importance of a balanced 

consideration of various factors, such as computational efficiency, power usage, flexibility, and 

integration ease, in the design of FPGA-based CNN accelerators. 

5. Challenges 

In the realm of FPGA-based CNN acceleration, as exemplified by the three papers under review, 

several critical challenges emerge. These challenges not only pertain to the specific methodologies 

presented in the papers but also reflect broader issues prevalent in the field of deep learning hardware 

acceleration. 

A primary challenge lies in the balance between computational efficiency and resource constraints. 

FPGAs, while offering versatility and efficiency, are inherently limited in resources compared to 

more dedicated hardware such as GPUs. This limitation necessitates innovative strategies to 

maximize resource utilization without sacrificing performance or accuracy, a balancing act that 

remains at the forefront of FPGA-based design considerations. 

Another significant challenge is scalability and flexibility. As CNN models grow in complexity 

and variety, the ability of FPGA architectures to scale and adapt becomes increasingly critical. These 

architectures must be capable of accommodating a range of model sizes and types, a task complicated 

by the rapid evolution of deep learning technologies. Maintaining flexibility to adapt to new 

advancements without extensive overhauls is an ongoing challenge in this dynamic field. 

Optimizing power consumption is also a key concern, particularly in scenarios like edge 

computing where power resources are limited. While FPGAs are generally more power-efficient than 

some alternatives, achieving an optimal balance between performance and power efficiency continues 

to be a crucial aspect of FPGA-based CNN accelerator design. 

Integration and usability pose additional challenges. Incorporating FPGA-based solutions into 

existing systems and ensuring they are user-friendly is not trivial. This encompasses the complexity 

of FPGA programming models, the need for specialized expertise in developing and deploying these 

solutions, and the integration of FPGA accelerators within the broader computing ecosystem. 

The trade-offs between specialization for specific tasks and generalization across various 

applications is another important consideration. Each FPGA-based acceleration approach comes with 

its own set of trade-offs, and finding an appropriate balance is essential for the widespread adoption 

of these solutions in diverse deep learning applications. 

Lastly, future-proofing designs in the face of rapid advancements in deep learning algorithms and 

architectures is a significant challenge. Ensuring that FPGA-based designs remain relevant and 

adaptable to future changes without requiring extensive redesigns or resource investments is crucial 

for their long-term viability. 
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6. Conclusion 

The meticulous analysis of three groundbreaking studies on the acceleration of Convolutional 

Neural Networks using Field-Programmable Gate Arrays offers a panoramic view of the remarkable 

progress in this domain, underscoring the diverse methodologies and innovations that have surfaced. 

Each study contributes distinctively, enhancing the understanding and application of Field-

Programmable Gate Array technology in expediting deep learning models, especially Convolutional 

Neural Networks. The incorporation of depthwise separable convolutions, the adoption of 

heterogeneous and dispatcher technologies, and the emphasis on reconfigurable architectures 

demonstrate the multifaceted capabilities and potential of Field-Programmable Gate Arrays in 

catering to the varied requirements of deep learning tasks. 

This comprehensive exploration also sheds light on the intrinsic challenges confronting this field. 

Key among these are the dilemmas of balancing computational efficiency against resource limitations, 

ensuring scalability and adaptability, managing power consumption effectively, and achieving 

straightforward integration and user-friendliness. These challenges highlight the imperative for 

continuous research and innovation, along with interdisciplinary collaboration, to enhance and refine 

Field-Programmable Gate Array-based solutions further. Looking forward, the prospects for Field-

Programmable Gate Array-based accelerators for Convolutional Neural Networks are bright but hinge 

on relentless innovation to stay abreast of the swift progress in deep learning technologies. The 

capacity for adaptation to emerging algorithms and architectures, the ability to strike a balance 

between specialization and general applicability, and the foresight to future-proof designs are 

essential for maintaining the relevance of Field-Programmable Gate Arrays in this rapidly evolving 

sphere. As the landscape evolves, the insights gleaned from these scholarly works will indubitably be 

instrumental in molding the next wave of Field-Programmable Gate Array-based deep learning 

accelerators, propelling the scope and applications of artificial intelligence into new frontiers. 
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