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Abstract

Digital Signal Processor (DSP) is becoming an 
increasingly important chip in the digital electronic 
world, showcasing its capabilities in fields such as video 
processing, mobile communications, radar systems, and 
more. Application Specific Integrated Circuit (ASIC) and 
Programmable Digital Signal Processors (PDSP) continue 
to be commonly used implementation mechanisms for 
many digital signal processing applications. However, 
both of these platforms have their limitations. The 
non-reconfigurable arithmetic units of ASIC circuits 
compromise flexibility, making it difficult to support new 
algorithms. The performance of DSP chips is limited 
by a serial instruction stream, making it challenging to 
break through performance bottlenecks. To address these 
challenges, we have proposed RF-DSP, a reconfigurable 
and highly flexible digital signal processor based on 
Field Programmable Gate Arrays (FPGA), aimed at 
accelerating digital signal processing algorithms. We have 
customized an instruction set that enables RF-DSP to 
support various digital signal processing algorithms. RF-
DSP features multiple parallel arithmetic units that can 
be reused to support different algorithms. Additionally, 
RF-DSP exhibits excellent scalability, allowing for the 
incorporation of dedicated components and enhancements 
to the instruction set to support continuously evolving 
digital signal processing algorithms. We have implemented 
a hardware prototype on Xilinx Alveo U200 and conducted 
performance testing on RF-DSP. Compared to DSP chips, 
RF-DSP achieves acceleration of 1.3-136 times and 
improves efficiency by 4-400 times. Compared to Xilinx 
IP, it achieves acceleration of 7-16 times and improves 
efficiency by 6-14 times.

Keywords:  Digital signal processor (DSP), Field 
Programmable Gate Arrays (FPGA), Instruction set 
architecture (ISA) 

1  Introduction

Over the past two decades, digital signal processing 
(DSP) has gained widespread application in various 
fields such as data encryption [1], video processing [2], 

mobile communications [3], radar systems [4], and more. 
With advancements in information technology, DSP has 
experienced rapid development. Digital signal processing 
involves the use of processors or specialized application-
specific integrated circuit (ASIC) to transform, filter, 
estimate, and enhance signals to obtain the desired signal 
characteristics. It enables the manipulation and analysis 
of digital signals to extract valuable information, improve 
signal quality, and enable advanced signal processing 
techniques.

The steady development of integrated circuit 
(IC) technology and design tools has significantly 
expanded the application areas of DSP. However, ASIC 
and programmable digital signal processor (PDSP) 
remain popular implementation mechanisms for many 
DSP applications. ASICs are designed based on user 
requirements and specific system needs, aiming to 
minimize size and power consumption while maximizing 
performance. However, ASICs are non-programmable 
and lack flexibility and their development costs are 
considerably high [5]. They are typically only cost-
effective when produced in large quantities and deployed 
extensively. PDSP are dedicated processors designed 
using a Harvard architecture, specifically for highspeed 
real-time processing of digital signals. PDSP can be 
programmed using high-level languages to implement 
various signal-processing algorithms. However, their 
performance is constrained by the serial instruction flow, 
and they are not reconfigurable at the hardware level 
[6]. Increasingly, there is a growing interest in exploring 
new system implementations based on reconfigurable 
computing. These flexible platforms offer a combination 
of hardware efficiency and software programmability. 
FPGA is a programmable device that provides powerful 
signal-processing capabilities through parallel computing 
units [7]. Additionally, the hardware circuits generated 
on FPGAs are reconfigurable, significantly reducing the 
development costs compared to ASIC and DSP chips. 
Designing a digital signal processor based on an FPGA 
can simultaneously enhance performance and provide 
flexibility.

However, developing a digital signal processor based 
on an FPGA presents several challenges. These challenges 
primarily revolve around three aspects:

(1)	 Support for multiple digital signal processing 
algorithms: The designed processor needs to 
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support a variety of digital signal processing 
algorithms and adapt to their evolving nature. 
Different algorithm structures result in distinct 
memory access patterns and data flows. Ensuring 
compatibility with multiple algorithms is a critical 
challenge in processor design.

(2)	 Unified computational units: Designing compu-
tational units that can be reused across different 
algorithms is a key issue. This implies reducing 
resource utilization and enhancing system integra-
tion. By achieving this, computational resources 
can be optimized, resulting in improved overall 
system performance.

(3)	 Latency and power consumption reduction for 
higher performance: Leveraging pipeline designs 
and parallel computing techniques can lead to 
lower latency. Designers need to explore the 
potential parallelism within computations and 
strike a balance between area utilization and power 
consumption. This entails considering area-power 
trade-offs and designing parallel strategies that 
achieve the desired computational goals.

Based on the aforementioned challenges, we propose 
an FPGA-based digital signal processor called RF-DSP. 
RF-DSP consists of a customized instruction set, compiler, 
and several microarchitectural designs. User computation 
requirements are translated into corresponding instructions 
by the compiler, which schedule operations within the 
computation modules to perform various digital signal 
processing algorithms. We have designed a unified 
computational unit that supports heterogeneous operations 
and can be reused for different algorithms, effectively 
reducing resource utilization and enhancing system 
integration. By exploiting the inherent parallelism in 
algorithms, we have devised parallel strategies that 
improve processor performance. Importantly, RF-DSP 
can easily be extended to new algorithms by adding new 
modules and enhancing the instruction set, demonstrating 
strong scalability.

To summarize, the main contributions of this work are 
as follows:

	● Software-Hardware Co-Design: We have designed 
RF-DSP, a processor capable of handling multiple 
digital signal processing algorithms. RF-DSP 
includes a specific instruction set architecture 
and microarchitecture optimized for digital signal 
processing, ensuring efficient computation and 
data communication.

	● User Friendliness: User computation requirements 
are translated into instructions by the compiler, 
which schedules the modules within RF-DSP to 
perform the computations. The compiler provides 
hardware-friendly optimizations such as data 
processing and functional fusion to improve 
computation efficiency.

	● Flexible computing unit: We have designed 
a  comput ing  un i t  capab le  o f  suppor t ing 
heterogeneous operations, which can be utilized 
during the execution of any algorithm. This 
effectively reduces resource utilization and 

enhances system integration.
	● Competitive performance and scalability: We 

have implemented a hardware prototype of RF-
DSP on Xilinx Alveo U200 and conducted 
comprehensive evaluations. RF-DSP demonstrates 
highly competitive performance, achieving 
acceleration improvements of 1.3-136 times and 
energy efficiency improvements of 4-400 times 
compared to DSP chips. Additionally, compared 
to Xilinx IP cores, RF-DSP achieves acceleration 
improvements of 7-16 times and energy efficiency 
improvements of 6-14 times. RF-DSP exhibits 
remarkable scalability.

The rest of this article is organized as follows. 
Sect ion  I I  reviews the  background of  DSP and 
outlines our motivations. Section III explains RF-
DSP microarchitecture and the compiler Section IV 
describes the RF-DSP instructions. Section V presents our 
experiment results. Section VI concludes this article. For 
ease of understanding, the main symbols and abbreviations 
used in this paper are summarized in the Abbreviations 
section.

2  Background and Motivation

2.1 Background
Since the early 1960s, the implementation of digital 

signal processing has experienced rapid development. As 
DSP has transitioned from primarily military and scientific 
applications to numerous low-cost consumer applications, 
cost has become increasingly important. In the past 
decade, energy consumption has emerged as a significant 
metric, given the widespread use of DSP technology in 
portable systems such as media players and hearing aids. 
Flexibility has also become a key differentiating factor in 
DSP implementations, as it allows for changes in system 
functionality at different stages of the design lifecycle 
[8]. These cost considerations have led to three main 
implementation options: ASIC, PDSP, and Reconfigurable 
Hardware. Each implementation option entails different 
trade-offs in terms of performance, cost, power, and 
flexibility.

In Table 1, we have compiled the characteristics of 
these three solutions. High-level ASIC designs offer 
advantages in terms of area and power performance. 
However, their fixed hardware circuits limit their 
reconfigurability. Furthermore, for small-scale or prototype 
implementations, it is necessary to evaluate whether the 
performance improvement provided by ASICs justifies 
the design costs involved. The initial batch of PDSP was 
introduced by Texas Instruments. These early processor 
architectures were primarily based on CISC pipelines and 
incorporated special architectural features and instructions 
to support filtering and transformation computations. One 
of the key changes in the second generation of PDSP was 
the adjustment to the Harvard architecture, effectively 
separating the program bus from the data bus.

This optimization breaks through the von Neumann 
bottleneck, thus designing dedicated channels for data 
transfer from local memory to the processor pipeline. 
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However, there are specific limitations when using DSP. 
Generally, to achieve optimal performance, application 
programs must be written to utilize the available resources 
in the DSP, but their performance is limited by the 
sequential instruction stream. A recent approach to DSP 
hardware implementation is utilizing reconfigurable 
computing platforms. Reconfigurable platforms for DSP 
allow reconfigurability and specialized performance on a 
per-application basis, offering significant potential at the 
application level. The direct benefits of reconfigurable 
methods for DSP can be summarized in three key aspects: 
functional specialization, platform reconfigurability, and 
fine-grained parallelism. FPGA is one representative of 
reconfigurable methods and has been widely researched 
and experimented with. Common digital signal processing 
algorithms are presented in Table 2, with the descriptions 
of the corresponding variables provided in Table 3; much 
work has been done to implement them on FPGA. For 
instance, Saeed et al. [9] implemented a compatible 
FFT/IFFT processor on an FPGA with lower area and 
latency. These algorithms are crucial in signal processing. 
Paul et al. [10]  migrated different forms of FIR and IIR 
filters to an FPGA, achieving better performance. Vijay 
et al. [11] proposed a parallel pipeline based on FIR 
filters to implement IIR filters, improving the efficiency 
of IIR filters. Safarian et al. [12] presented an FPGA 
implementation design of an LMS-based adaptive filter 
using Xilinx DSP48, achieving improvements in terms of 
resources, power consumption, and frequency. Kavitha 
et al. [13] focused on the design of LMS adaptive filter 
algorithm without multipliers in FPGA devices, reducing 
area and power consumption.

Table 1. Comparison of the characteristics of different platforms

Performance Cost Power Flexibility
ASIC High High Low Low

Programmable 
DSP Medium Medium Medium Medium

FPGA High Medium Medium High

Table 2. Expression of algorithms
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2.2 Motivation
All of the aforementioned works utilize FPGA to 

implement algorithms in digital signal processing, but they 
are specific to the designed algorithms. When different 
algorithms are required in a particular application scenario 
[14-16], the above solutions would need to redesign RTL 
circuits and reconfigure (layout and wiring) on the FPGA, 

making it difficult to directly apply to many digital signal 
processing applications. In multifunctional scenarios, 
compatibility with multiple digital signal processing 
algorithms is usually required. DSP can achieve this by 
invoking the corresponding computing resources through 
software programming, but it is limited by the sequential 
instruction stream and struggles to overcome performance 
bottlenecks. Although designing high-quality ASIC circuits 
can also adapt to multi-algorithm scenarios, it sacrifices 
flexibility and incurs expensive development costs because 
algorithms are constantly being updated.

While ASIC hardware circuits are fixed and cannot be 
reconfigured. Utilizing FPGA, a reconfigurable platform, to 
design a digital signal processor compatible with multiple 
algorithms is a reliable solution. FPGA has sufficient 
parallel computing resources and can be reconfigured 
to maintain comprehensiveness when supporting new 
algorithms, perhaps by only modifying a small portion of 
the design. In summary, FPGA can maintain its flexibility 
at a small cost and is suitable for multi-algorithm 
application scenarios. However, designing an FPGA-
based digital signal processor poses many challenges. Key 
issues include scheduling data when switching algorithms, 
considering power consumption and area in parallel 
computations, and designing computational units for 
reusability when implementing different algorithms.

3  Architecture Overview

3.1 Overview of RF-DSP
Our work primarily targets various applications 

and systems that require digital signal processing, such 
as communication systems, audio processing, video 
processing, image processing, radar, and signal processing, 
among others. Specific applications and systems often 
need diverse requirements for data processing. Therefore, 
the selection of filter types and algorithms necessitates a 
comprehensive evaluation in accordance with the specific 
context. To facilitate this, we have deployed several 
mainstream filters and algorithms on FPGA and designed 
a dedicated compiler on the software side. This intricate 
arrangement ensures users possess to flexibly schedule and 
utilize the functionalities deployed in the hardware.

Figure 1. Overview of RF-DSP
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The overall architecture, as illustrated in Figure 1. The 
hardware platform consists of an FPGA device and FPGA 
local DDR memory. The proposed hardware accelerator is 
deployed on the FPGA device. FPGA local DDR memory 
stores the input images, audio signals, and other data 
awaiting processing and binary files generated by the 
compiler. After receiving user-provided parameters and 
the data to be processed, the compiler initially translates 
them into corresponding instructions. Subsequently, 
it progresses through three optimization steps (Task 
Scheduling, Function Fusion, Data Pre-process) to generate 
an optimized instruction sequence, which is subsequently 
executed on the hardware processor. 

3.2 Compiler
Compilers are essential tools that bridge the gap 

between user requirements and underlying hardware 
computations. In the popular field of deep learning, the 
use of custom domain-specific compilers to alleviate 
the burden of model optimization has become a popular 
approach, avoiding some limitations of deep learning 
libraries and tools [17]. Several popular deep learning 
compilers have emerged rapidly, including TVM [18], 
Tensor Comprehension [19], Glow [20], nGraph [21], and 
XLA [22]. These compilers are designed to target model 
specifications and hardware architectures, with highly 
optimized transformations between model definitions 
and concrete implementations, significantly reducing the 
manual burden of optimizing models. Drawing inspiration 
from these works, we have developed a specialized 
compiler to alleviate the overhead of algorithm execution. 
The compiler of RF-DSP derives the appropriate 
instructions by parsing the parameters and data provided 
by the user. Additionally, in order to enhance the efficiency 
of instruction and data handling by the hardware and 
to optimize the utilization of hardware resources, the 
compiler performs optimization on both instructions 
and data subsequent to the translation of user-provided 
parameters into their corresponding instructions. The 
compiler performs three-step optimizations and generates 
the output instruction sequence.

1) Task Scheduling: For algorithms similar to FIR, 
the data processing flow they follow does not have 
dependencies on the previously completed operations. 
Hence, when executing such operations, the compiler 
compares the resources required for the current task with 
the hardware resources deployed. If there are available 
hardware resources while executing user tasks, the 
compiler generates an additional 16-bit instruction to 
efficiently schedule the remaining resources and expedite 
the task progress.

2) Function Fusion: To meet the requirement of 
allowing users to simultaneously execute two different 
filtering or algorithm operations, the compiler concatenates 
the corresponding 16-bit instructions for both operations 
into a single 32-bit instruction, provided that the user-
defined parameters are within reasonable limits and fall 
within the hardware resource constraints. This enables 
the hardware to execute both computations concurrently. 
However, if the user-defined parameters exceed the 
hardware resource limits, an error report is returned, 
prompting the user to reset the parameters within the 
allowable range.

3) Data Pre-process: During the execution of the 
aforementioned first and second operations, as well as 
specific algorithms such as LMS and FFT, the hardware 
necessitates the input of two distinct sets of data to perform 
the calculations. For instance, FFT requires both real and 
imaginary data to be provided for each computation. In 
cases where these two data sets cannot be simultaneously 
inputted, significant resources and time would be wasted 
by the hardware in filtering and selecting the required data 
for different algorithms or steps. To streamline the data 
filtering and processing process within the hardware, the 
compiler identifies these scenarios and concatenates the 
two 16-bit data sets into a unified 32-bit data format. This 
combined data, along with its corresponding instruction, is 
then transmitted to the hardware to facilitate the seamless 
execution of the computations.

3.3 Microarchitecture
For the RF-DSP, the greatest challenge is the overlay 

Figure 2. The microarchitecture of RF-DSP
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microarchitecture design. The overlay microarchitecture 
needs to incur as less control overhead as possible while 
maintaining easy runtime adjustable and functionality. 
To meet these requirements, we design our modules 
to be parameter customizable and switch modes at 
runtime based on parameter registers that directly accept 
parameters provided by instructions, so that it enables 
seamless switching between different data paths to 
accomplish diverse operations. As shown in Figure 2, the 
microarchitecture of RF-DSP primarily comprises six 
modules: Instruction Cache, decoder, pre-process, data 
load, computational engine, and post-process.

1) Instruction Cache and Decoder: The Instruction-
cache module retrieves the 32-bit instructions generated 
by the compiler from the DDR and stores them in the 
instruction cache module. Upon fetching these instructions 
from the Instruction cache, the decoder module first splits 
them into 16-bit instructions and then decodes them, 
generating control signals that are passed to their respective 
control modules. Additionally, after receiving the first 
instruction, the decoder module relies on control signals 
provided by the post-processing module to determine the 
timing for reading each subsequent instruction.

2) Pre-process and Data Cache: Due to the varying 
data requirements of different computations, the pre-
process module retrieves the corresponding quantity of 
input data x, computation results y, and intermediate data 
middle from DDR or the post-process module, storing 
them in the data cache based on the control instructions 
sent by the decoder. It then determines the data type of 
the current data to be processed and splits it accordingly, 
sending it to the corresponding data array within the data-
load module. The data-load module consists of four data 
arrays: the Weight data array, which primarily stores filter 
coefficients and rotation factors for Fourier transforms; 
the X data array, which stores input data x; the Middle 
data array, which stores intermediate data middle or input 
data x; and the Y data array, which stores the computed 
results. Let’s take a 5th-order FIR filter and a 5×5 matrix 
multiplication as examples to illustrate how the input data 
is stored in the data arrays through the pre-process module.

For FIR filters, according to the formula in Table 2, 
it can be observed that each computation necessitates the 
update of only one input data value. Therefore, in each 
computation, the pre-process module places the input value 
x in the first position of the X data array, shifting the other 
positions downward. In the case of matrix multiplication, 
each computation requires updating the number of input 
values corresponding to the number of columns. Hence, 
in each computation, the preprocess module splits the 
required input values x from the data cache into row 
elements and column elements and then stores them 
sequentially in the X data array and Middle data array, 
respectively.

The data dispatcher in the data-load module routes 
different data arrays to their corresponding data channels 
based on instructions. Each data channel assigns 
members from the data arrays to the PE array for parallel 
computation. For example, during FFT calculations, the 
real part of the input data x is stored in the X data array and 

sent to Channel A, while the imaginary part is stored in 
the Middle data array and sent to Channel B. The rotation 
factors from the weight data array are stored in Channel 
C. When performing computations that require only two 
data arrays, the remaining idle channel will be filled with 
either 0 or 1. Further details will be discussed in the next 
subsection.

3) Computational Engine: The Computational Engine 
module comprises a PE array and an adder tree selection 
unit. In order to cater to various algorithms covered by 
the system, a comprehensive analysis of their common 
characteristics was conducted, leading to the specialized 
design of our PE units. As shown in Figure 3, each PE 
unit within the PE array receives inputs from three data 
channels: A, B, and C. These units are equipped with an 
adder, a subtractor, a multiplier, and an output selection.

Figure 3. The architecture of PE

During computation, the C channel is filled with 
ones when a PE unit performs addition or subtraction 
operations, while the B channel is filled with zeros 
dur ing mul t ip l icat ion operat ions .  Each PE uni t 
operates independently, enabling the completion of a 
set of computations for a specific group of numbers. 
Consequently, the system’s level of parallelism is solely 
determined by the number of PE units present in the PE 
array.

After the computation is completed in the PE, the 
output selector determines the current operation type 
based on instructions and sends the corresponding data to 
the Selective Add-Tree module. The Selective Add-Tree 
module, upon receiving the data, evaluates the instruction 
to determine whether an addition operation is required. If 
not, it directly outputs the data. Otherwise, the data enters 
the adder tree for further computation.

To accommodate filters of different orders and matrix 
operations of varying sizes, we have designed an adder tree 
that can dynamically adjust its levels based on instructions. 
We have placed a selector before and after each adder in 
the tree, allowing it to determine whether the output should 
be generated at that level or passed to the next level, 
based on the required number of levels specified in the 
instruction. For instance, when performing the summation 
of a group of 8 numbers or the summation of two groups 
of 4 numbers, both calculations can be achieved using an 
adder tree with 3 levels. The difference lies in whether the 
data should be output as a summation result at the last level 
of the adder tree or at the second-to-last level, producing 
two summation results.
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4) Post-process :  The post-process module is 
responsible for handling the computed data from the 
Computational Engine module. Due to the varying overall 
flow between different algorithms, the data outputted 
by the Computational Engine can be the final result, 
feedback value, or weight update value. To accommodate 
this variability, a data distributor is designed within the 
post-process module. It utilizes instructions to determine 
the nature of the computed data, the operation it belongs 
to, and the step within that operation, which enables the 
determination of its subsequent flow.

During FFT (Fast Fourier Transform) operations, the 
data is allocated to a dedicated post-processing module 
for FFT. As FFT involves multiple rounds of computation, 
each subsequent round requires the results of the previous 
round as input. However, the order of the data gets 
rearranged after each round, making it unsuitable for 
direct use. Therefore, upon receiving the data, this module 
determines the current computation round based on the 
instructions and generates a corresponding address for 
each data point. These addresses are then transmitted back 
to the pre-process module, which utilizes the received 
addresses to store the data in the appropriate locations 
within the data cache. For other computations, the data is 
allocated to the writeback module. This module determines 
the current computation flow based on the instructions. 
If the computation flow has reached the final stage, the 
data is outputted to the DDR (Double Data Rate) memory 
and transmitted back to the host through PCIe (Peripheral 
Component Interconnect Express). Otherwise, the data is 
returned to the data cache and awaits the next round of pre-
process instructions to be read into the corresponding data 
groups.

Furthermore, to ensure the proper alignment of each 
instruction with its corresponding data, the post-process 
module generates a control signal alongside each data 
output. This control signal is transmitted back to the 
decoder module, indicating the completion of the current 
instruction execution and enabling the decoder to read 
the next instruction. It is worth mentioning that RF-DSP 
exhibits strong scalability by enabling compatibility with 
new digital signal processing algorithms through the 
addition of new components in the post-process module.

4  Instruction Set Architecture

Another challenging aspect of the design is the 
instruction set, as it controls the data execution paths in 
the RF-DSP. The diversity of data paths is essential for 
accommodating the requirements of various algorithms. 
We have been inspired by some neural network processor 
work [23-24]. Therefore, we conducted an analysis 
of several algorithms that the DSP needs to cover and 
categorized the steps of these algorithms to design a 
concise and efficient instruction set that satisfies their 
needs. In the following subsection, we will use a complete 
LMS (Least Mean Squares) operation as an example to 
provide a detailed explanation of our instructions, focusing 
on their composition and their execution within the 
hardware.

The composition of each instruction part and the 
significance represented by each instruction part are shown 
in Figure 4(a) and the execution flow of instructions in 
various hardware modules is depicted in Figure 4(b). To 
facilitate computation by the PE module, we first rewrite 
the equation in Table 2 into the following equations. 

y(n) = wT(n)x(n) (1)

e(n) = 2μ(d(n) − y(n)) (2)

k(n) = e(n)x(n) (3)

w(n+1) = w(n) + k(n) (4)

During the execution of Equation (1), the decoder 
module examines the instruction opcode and sel-func to 
determine that the current operation corresponds to the 
first step of the LMS algorithm. As a result, the input x(n) 
and input d(n) are stored in the X and middle data arrays, 
respectively. The A and C channels in the PE module are 
enabled, while the B channel is filled with 0. The add tree 
is activated, with x being routed to the A channel and the 
coefficient w being routed to the C channel. Subsequently, 
the computed result is transmitted back to the Y data array 
through control signals from the post-process module.

Figure 4. Instruction set of LMS: (a) Instruction description; (b) Instruction execution in hardware
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Similarly, during the execution of Equation (2), the 
A, B, and C channels in the PE module are enabled, the 
add tree is disabled, the mid data array is routed to the A 
channel, the y data array is routed to the B channel, and the 
coefficient 2µ is routed to the C channel. The result is then 
transmitted back to the middle data array.

In the case of Equation (3), the PE channels are 
configured in the same manner as in Equation (1), with x 
data array being routed to the A channel and the middle 
data array being routed to the C channel. The computed 
result k(n) is transmitted back to the middle data array.

Lastly, during the execution of Equation (4), the A 
and B channels in the PE module are enabled, while the 
C channel is filled with 1. The middle data array is routed 
to the A channel, and the coefficient w is routed to the 
B channel. If the current LMS calculation is complete, 
the immi field in the instruction is set to 1, and the DSP 
module concludes the current operation and outputs the 
result, as shown in Figure 4(a). Otherwise, the post-process 
module transmits the updated coefficient w back to the w 
data array to continue the next round of calculations, as 
illustrated in Figure 4(b).

5  Experiment

5.1 Experimental Setup
The proposed RF-DSP is implemented on the Alveo 

U200 FPGA. We encode our design using Verilog HDL 
and synthesis it by Vivado 2020.1. For our compiler, we 
design and test it in C++. Our experimental evaluation 
focuses on resource utilization, including LUTs, BRAM, 
and DSPs, as well as performance metrics such as latency 
and throughput.

5.2 Latency and Resource Consumption
In Table 4, it can be observed that we utilized only a 

minimal amount of resources. This resource utilization was 
obtained with the use of 96 PE units. In Table 5, we further 
measure the actual results on different platforms. We 
compare the frequency (MHz), latency (μs), throughput 
(Ms/s), power (W), LUTs, FFs, DSPs, and BRAMs for the 
four algorithms: FFT, LMS, IIR, and FIR.

In the evaluation results, we employed a 1024-point 
radix-2 FFT as the reference benchmark. The filter 
algorithms used were a 32nd-order LMS, 5th-order IIR, 
and 32nd-order FIR filters. We conducted performance 
testing on the C6678 chip for these four algorithms. 
Additionally, we performed tests on the algorithms 
supported by Xilinx IP. The latency results are obtained 
by calculating the time required for the first sample to be 
inputted until the last sample is outputted. When deployed 
at the edge or with the utilization of more PE units, our 
architecture exhibits lower power consumption and higher 
energy efficiency ratio. This is attributed to the static 
power consumption of 2.4W of the U200 FPGA we utilize.

In Table 5, we used the DSP TMS320C6678 as a 
baseline for performance comparison. It can be observed 
that in terms of FFT performance, our architecture achieves 
a ten-fold increase in throughput compared to the C6678. 

Compared to Xilinx IP, although we utilize approximately 
eight times more resources than the IP, our throughput is 
sixteen times higher. Compared to Pakize’s architecture 
[25] deployed on the same FPGA, although our throughput 
is comparable, we utilize fewer DSP resources. Moreover, 
it is crucial to note that, unlike the designs by Jovanovic 
[15] and Pakize [25], our design accommodates a generic 
DSP algorithm that can be seamlessly switched. Previous 
designs were limited to covering specific algorithms, 
resulting in reduced flexibility. In terms of filter 
performance, with the same filter order, our architecture 
achieves a throughput increase of 1.3-136 times compared 
to the C6678, while consuming less than one-third of its 
power. This advantage becomes even more significant at 
the edge or with the utilization of more PE units.

Table 3. The descriptions for DSP algorithms

FFT

X(k): The k-th component of the frequency domain 
signal.

N: The length of the signal or number of sample points.

x(n): The n-th sample of the time domain signal.

WN: Complex weighting factor, typically defined as 
2nj
Ne

−

FIR

y(n): The n-th sample of the filter output.

h(n): The impulse response of the filter, i.e., the filter 
coefficients.
x(n-k): The (n-k) th sample of the input signal, 
representing a delay.

IIR

y(n): The n-th sample of the filter output.

bk: The forward (or feedback) coefficients of the filter.

ak: The reverse (or feedthrough) coefficients of the filter.

y(n-k): The delayed version of the (n-k) th sample of the 
output signal.

LMS

y(n): The n-th sample of the filter output or estimate.

w: Weight vector or filter coefficients.

e(n): Error signal, which is the difference between the 
desired output d(n) and the actual output y(n).

d(n): The desired or reference output signal.

μ: The convergence factor or step size of the algorithm, 
which controls the rate of weight update.

Table 4. The resource utilization of our RF-DSP
Resource Usage Available Utilization (%)

LUT 23560 1182240 1.99
FF 18321 2364480 0.77

BRAM 10.5 2160 0.49
DSP 96 6840 1.4

5.3 Efficiency Comparison
In Figure 5, we compare the efficiency of the RF-

DSP architecture with the C6678 chip. The efficiency is 
calculated using the following formula:
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Figure 5. Comparison of efficiency

Efficiency = 1/(Latency × Power) (5)

It is worth noting that we have used logarithmic scale 
in the graph. Therefore, the actual differences are larger 
than what is seen in the graph. The efficiency of our 
architecture is 4-400 times greater than that of C6678, 
making it more suitable for deployment at the edge.

6  Conclusion

In this paper, we propose RF-DSP, an FPGA-based 
processor for implementing DSP algorithms. Firstly, we 
present a hardware architecture for implementing DSP 
algorithms. A unified computational unit is introduced, 
which can be reused across different algorithms. Secondly, 
we design an instruction set for our architecture, ensuring 
the flexibility of RF-DSP. Compared to C6678, RF-DSP 
achieves acceleration of 1.3-136 times and improves 
efficiency by 4-400 times. Compared to Xilinx IP, 
it achieves acceleration of 7-16 times and improves 
efficiency by 6-14 times. In the future, we plan to support 
additional DSP algorithms and enhance our performance. 
Concurrently, we are considering diversifying our 
deployments, such as accommodating FPGAs with higher 
memory bandwidth like HBM FPGAs, and typical edge 
FPGAs, such as Zynq and others.

Abbreviations

ASIC Application Specific Integrated Circuit

CISC Complex instruction set computer

DDR Double Data Rate Synchronous
Dynamic Random-Access Memory

DSP Digital Signal Processor

FFT Fast Fourier Transform

FIR Finite Impulse Response

FPGA Field Programmable Gate Array

IC Integrated Circuit

IFFT Inverse Fast Fourier Transform

IIR Infinite Impulse Response

LMS Least Mean Squares

LUT Look-up Table

PCIe Peripheral Component Interconnect Express

PDSP Programmable Digital Signal Processor

PE Processing Engine

RTL Register-transfer level

TVM Tensor Virtual Machine
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Table 5. Comparisons of performance on different platforms

Designs Platform Function Order Point Frequency
(MHz)

Latency 
(μs)

Throughput
(MS/s)

Power
(W) LUT FF DSP BRAM

RF-DSP Xilinx
Alveo U200

FFT \ 1024

225

0.834 1227.82

3.3 23560 18321 96 10.6
LMS 32 1024 21.186 48.33
IIR 5 1024 7.062 145.00
FIR 32 1024 2.372 431.70

DSP TMS320C6678

FFT \ 1024

1000

10.287 99.54

10 \ \ \ \
LMS 32 1024 2899.013 0.35
IIR 5 1024 8.819 116.11
FIR 32 1024 18.012 56.85

Xilinx IP Xilinx
Alveo U200

FFT \ 1024 231 13.838 74.00 2.754 2002 3477 16 4.5
FIR 32 1024 170 18.071 56.67 2.492 159 660 6 0

Pakize
(2021) [25] Virtex-7 XC7VS330T FFT \ 1024 339 0.812 1261.00 1.6 12.5K 22.5K 150 6

Jovanovic
(2022) [15]  Cyclone V FIR 7 \ 122.88 / / / 2322 2445 14 3
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