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Abstract. With the advancement of artificial intelligence (AI) in Internet of Things (IoT) devices, 
drones, wearables, and autonomous robots, the need for real-time processing edge AI processors 
has grown significantly. Architectures like field-programmable gate arrays (FPGAs) and coarse-
grained reconfigurable architectures (CGRAs) have advancements in a particular field, but the 
stringent requirements of latency, power, and performance may not be met, respectively. Existing 
studies typically analyze FPGA-CGRA in isolation, leaving a limited understanding of the 
methodology and functionality of the hybrid architecture. Therefore, this review examines how hybrid 
FPGA-CGRA computing addresses problems like power efficiency and flexibility and found that it 
could achieve 1.93x higher peak performance and 48.5% area saving compared to a singular 
architecture alone. However, its limitations also need to be considered, such as performance overlay 
and high resource consumption. This research provides important insights for designing next-
generation edge computing accelerators that balance flexibility, efficiency, and real-time processing 
needs. 
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1. Introduction 

The rapid growth of artificial intelligence on IoT devices, drones, wearables, and autonomous 

robots has increased the need for real-time processing to generate meaningful information and 

facilitate real-time task execution [1]. The reliance on cloud devices to compute and store information 

in a centralized cloud may cause problems like privacy leakage, high latency, and bandwidth 

bottlenecks. To address these issues, edge computing introduces a low-latency, local processing 

element that shifts data processing, storage, and computation from cloud computing into near-

terminal devices [2]. To achieve such a phenomenon, AI edge processor elements require acquiring 

lower energy consumption, higher performance, and smaller area. 

This paper is a critical review of the combination of FPGA-CGRA co-design in the application of 

artificial intelligence in edge devices. First, an overview of all processing architectures, including 

GPUs, CPUs, FPGAs, and CGRAs, will be provided. The review will then examine how hybrid 

architectures integrate these two paradigms to address energy efficiency and flexibility trade-offs in 

edge AI. 

Traditional GPUs and CPUs are insufficient to meet the demands of edge AI because they are 

fundamentally optimized for batch-oriented, in-memory processing rather than predictable, low-

latency execution on streaming data. Both architectures are also inherently power-intensive, making 

them unsuitable for deployment in energy-constrained edge environments. GPUs exhibit strong 

sensitivity to workload size; their performance degrades significantly with small batch sizes due to 

kernel-launch overheads and costly memory transfers [3]. CPUs, by contrast, are built as general-

purpose processors and lack the degree of parallelism required for modern AI workloads [4]. 

Although GPUs offer substantial spatial parallelism, their absence of temporal parallelism and limited 

programmability further restrict their ability to satisfy the stringent latency and power requirements 

of edge AI systems [3]. 

FPGAs are a combination of programmable logic blocks, a routing network, and configurable I/O 

blocks that can be used to implement virtually any digital circuit or system [5]. The usage of look-up 

tables for configurable logic blocks makes FPGAs prone to fine-grained reconfigurability [6]. While 
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this structure provides high flexibility due to LUT and parallel data path (need to add more about 

parallel data path), it also introduces difficulties such as routing overhead and lower energy efficiency. 

On the other hand, CGRAs contain a mesh of reconfigurable cells (RCs) or processing elements 

(PEs) that operate in the word-level, while FPGAs operate in the bit-level LUT logic [7]. This 

structure provides CGRA short reconfiguration times, low delay characteristics, and low power 

consumption compared to field programmable gate arrays [6]. Although CGRAs provide a stronger 

energy efficiency and domain-specific flexibility, which is efficient for fields like machine learning 

and artificial intelligence, difficulties, such as less flexibility, still need to be taken into consideration 

[6, 8]. Furthermore, limitations like difficulties in programmability and mapping still need to be taken 

into action. The CGRA survey highlights that the current CGRAs are still “immature in terms of 

programmability, productivity, and adaptivity” [8]. 

While many studies have examined FPGA-based accelerators and CGRA architectures, the 

literature has rarely provided insights on how hybrid FPGA-CGRA co-design leverages the flexibility 

of reconfiguration and the efficiency of complementary strengths and weaknesses. Only a small 

number of papers analyzed the hybrid approach, and even fewer provided a systematic review of their 

performance in edge AI workload. This highlights the need for a consolidated review of current 

progress and identifies the challenges in FPGA-CGRA co-design for energy-efficient edge AI 

systems. 

2. Systematic Analysis of FPGA 

2.1. FPGA-based Edge AI Accelerators 

2.1.1 Configurable Logic Blocks 

The Configurable logic block is the fundamental logic component in an FPGA, responsible for 

basic logic and storage functions in an application [5]. Each logic block consists of logic elements 

(LEs) that are connected through local routing. Every LE includes an SRAM-based k-input LUT and 

an optional D-flip-flop (FF) that can implement any registered Boolean logic function from k-inputs 

[5]. Historically, several types of basic logic blocks have been investigated, including NAND gates, 

Multiplexer-based structures, PAL-style wide input gates, but commercial FPGA vendors use LUT-

based CLBs as they balance between flexibility and resource efficiency. 

Beyond basic logic elements, modern FPGAs contain a heterogeneous mix of specialized hard 

blocks such as memory, multipliers, adders, and DSP blocks, etc [5]. These hard blocks offer ASIC-

like performance and are used to optimize efficiency during the FPGA fabric [5, 7]. 

2.1.2 Routing Network 

A Routing Network is used to connect logic blocks and I/O blocks together using wires and 

programmable switches [5]. These programmable switches consist of SRAM-controlled multiplexers 

that connect block outputs to surrounding block inputs [5, 9]. These two building blocks provide fine-

grained flexibility within an FPGA during run-time, allowing logic blocks to interconnect in arbitrary 

ways, and enabling the FPGA to optimize performance, parallelism, and scalability [3, 5, 10]. 

2.1.3 I/O block 

The input and Output block in the FPGA connects internal logic to the outside world. They are 

controlled by configuration bits that set their direction (input/output), electrical standard, drive 

strength, and timing characteristics [5, 11]. 

2.2. Advantages of FPGA-based edge AI Accelerator. 

Compared to CGRA-based AI accelerators, FPGA-based edge AI accelerators provide several 

architectural advantages toward meeting strict latency requirements for modern edge AI Systems. Its 

high customizability and parallel processing capacities enable users to select various algorithms 

depending on the current situation, enabling the FPGA to increase parallelism, resulting in decreased 
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latency [10]. Additionally, the flexible memory hierarchy allows designers to optimize memory 

access patterns, causing a decrease in latency caused by data movements [12]. 

FPGAs also support various data types and bit widths, which directly improve the precision and 

performance of each memory usage, resulting in a decrease in resource usage. Additionally, in the 

research paper” A comparative study of FPGA and CGRA technologies in hardware acceleration for 

deep learning.” They found out that FPGA achieves higher throughput than CGRA in computation-

intensive tasks if the task requires flexible bit-level operation and dataflow control [13]. 

2.3. Disadvantages of FPGA-based edge AI accelerator 

While FPGAs often achieve lower latency than CGRAs, the primary drawbacks, like power 

efficiency when compared to CGRAs, are essential to acknowledge. Because FPGAs are more 

versatile and include substantial redundancy due to limited on-chip memory resources, it is difficult 

to optimize for specific applications. This redundancy contributes to a higher energy consumption 

rate compared to CGRAs [13]. Furthermore, FPGA fabrics rely mostly on LUT-based logic and 

programmable routing, making the area of the FPGA both difficult to predict and larger than CGRAs. 

The result of increasing the area leads to less efficient hardware resource utilization. 

3. Systematic Analysis of CGRA 

3.1. CGRA-Based AI Accelerators 

For decades, the rapid development of CNNs and transformers has led to high demand for 

specialized accelerator hardware, with coarse-grained reconfigurable arrays emerging as a promising 

solution. The CGRA-based AI accelerators rely on spatially distributed compute resources to achieve 

high throughput and energy efficiency [8]. At its core, it consists of programmable processing 

elements, known as PE, arranged into two-dimensional arrays connected through a reconfigurable 

interconnected network [9]. High-level machine learning frameworks such as TensorFlow or PyTorch 

serve as the front-end input, where neural network models undergo preprocessing steps, including 

kernel detection, loop unrolling, and loop tiling to expose parallelism and prepare the computation 

for spatial mapping onto the CGRAs [8, 9]. 

CGRA’s Processing Elements are used to operate logic on instructions given, such as addition, 

multiplication, logic operations, and comparison. These Processing elements provide the capability 

for CGRA to accumulate spatial, temporal, and parallel computation. Additionally, these processing 

elements create a coarse-grained operational environment within the architecture, making them 

capable of computing-intensive kernels [8]. 

3.2. Advantages of CGRA-based edge AI Accelerator 

One key advantage of a CGRA-based accelerator over traditional FPGA implementation is energy 

efficiency. According to the paper “Coarse-Grained Reconfigurable Array Architectures,” CGRAs 

are more energy-efficient and area-conscious due to the word-wide instruction stores (ISs), register 

files (RFs), and interconnections, causing them to be inherently more energy and area efficient than 

bit-level LUT-based fabric used in FPGAs. Additionally, there are far fewer ISs in CGRA found 

compared to LUTs in an FPGA. This configuration causes the number of bitstreams to be much 

smaller, which results in less memory requirements and faster reconfiguration abilities [14]. Together, 

all these architectural differences significantly reduce the power consumption, area efficiency, and 

overall efficiency in a CGRA design. 

3.3. Disadvantages of the CGRA-based edge AI accelerator 

After acknowledging the advantages of the CGRA-based edge AI accelerator, a key limitation is 

its programmability and flexibility. Programmability is one of the most important factors for practical 

adoption and usability. But because of CGRA’s complex architecture, it requires programmers to 
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manually do tasks like scheduling, placement, and routing, as mentioned in the “Coarse-Grained 

Reconfigurable Array Architecture” paper, the mapping, connection, and input/output ports of the ISs 

and RFs need to be reserved by the compiler or programmer. Additionally, unlike FPGAs, CGRAs 

need to be directly programmed with interconnections between VLIWs and ISs, which is not 

explicitly mentioned as difficult to program, but it is still extremely complex compared to an FPGA 

[11]. 

Moreover, flexibility limitations are also a concern for edge AI systems, because CGRAs are built 

from a fixed number of word-level processing elements, and only certain types of loops can be 

mapped onto them, which limits the flexibility of CGRA, as it puts more restrictions. Additionally, 

unlike an FPGA, a CGRA only supports a certain kind of workflow, like computing-intensive tasks, 

or other types of workloads, like control-heavy or bit-level manipulation tasks [11]. These 

architectural differences cause CGRA to obtain limitations to flexibility and be unable to successfully 

perform tasks like edge AI. 

4. Hybrid FPGA -CGRA Architecture 

After understanding the weaknesses of each architecture separately, it is essential to examine 

current research on the hybrid FPGA-CGRA architecture that aims to combine its complementary 

advantages. 

Hybrid FPGA-CGRA architecture emerges from the recognition that neither FPGAs nor CGRAs 

alone can optimally address all edge AI requirements [8]. It integrated FPGA reconfigurability and 

high flexibility for arbitrary control logic and irregular operations while utilizing CGRA regions for 

energy efficiency acceleration of regular AI kernels. This approach creates a reconfigurable system-

on-chip (SoC) that can dynamically allocate different computation patterns to the most suitable 

processing substrate [8, 10, 15]. 

4.1. Strength of Hybrid FPGA-CGRA Architecture 

The Hybrid combination of FPGA-CGRA architecture has found extraordinary improvement in 

the performance and area saving compared to the FPGA architecture. It has been shown to improve 

1.93x in peak performance and 31.1% and 48.5% maximum area saving on Intel and Xilinx [15]. 

These metrics demonstrate an increase in the hardware resource utilization, proving that the hybrid 

approach performs better than either singular architecture alone.  

Beyond the performance and area benefits, energy efficiency and workload adaptability are 

improved compared to a single architect alone. By partitioning computation such that CGRA regions 

handle regular, compute-intensive kernels while the FPGA manages irregular control, the systems 

minimize the energy required for consumption where it matters the most [8, 10, 15]. This enables 

workflow distributed to allocated architecture to maintain high utilization across diverse edge AI 

applications. 

4.2. Disadvantages of Hybrid FPGA-CGRA Architecture 

While the Hybrid FPGA-CGRA architecture accommodates multiple advantages over singular 

FPGA and CGRA architectures, its limitations must also be acknowledged. Performance overlay and 

high resource consumption are major implications for operating a Hybrid architecture in Edge AI 

systems, because the hybrid design creates an additional layer on top of the FPGA, causing kernel 

mapping to pass through multiple overlays and operations such as overlay instruction memory, PE 

ALU operations, overlay operation, overlay interconnect routing rather than directly to hardware 

components like LUTs/DSPs [10, 16]. These overlays will inevitably introduce a performance and 

resource consumption penalty. 

Moreover, the paper “Automatic Nested Loop Acceleration on FPGA Using Soft CGRA Overlay” 

said that when navigating the complex architecture and compilation parameters created by the hybrid 

FPGA CGRA, it is a slow and non-trivial process. This means, during the design process, it is very 
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hard and time-consuming for humans to manually configure all the architecture and parameters, such 

as I/O depth, data width, and mapping constraints [16]. Additionally, the complexity of the design 

rises if modifications are made to any parameters, as it would affect multiple aspects of the accelerator, 

making the design space highly challenging. 

5. Conclusion 

This paper has systematically examined the advantages and weaknesses of FPGA, CGRA, and 

hybrid architectures for energy-efficient edge AI systems. Even though both FPGA and CGRA have 

advantages in their respective field, such as FPGA’s reconfigurability and its support for diverse 

workloads, and CGRA's energy efficiency due to its architecture. It is essential to acknowledge the 

benefits of hybrid FPGA-CGRA toward energy-efficient edge AI systems.  

By combining the advantages of both architectures, it can receive 1.93x peak performance 

improvement and 48.5% area saving. However, challenges remain, like performance overlay and high 

resource consumption. Therefore, future research must address these problems and propose solutions 

like advancements in mappers/schedulers or automatic design frameworks. 
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