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Abstract
As communication capacity continues to expand, the application of deep neural networks (DNNs) for
digital pre-distortion (DPD) has become increasingly prominent in addressing non-linearity issues in
wideband power amplifiers (PAs). The advent of the fifth-generation (5G) era imposes higher re-
quirements on DPD regarding frequency and latency. The integration of multiple-input multiple-output
(MIMO) technology and micro base stations has driven the trend towards low-power, small-area DPD
chips. This paper presents a high-performance, Gated Recurrent Unit (GRU)-based hardware archi-
tecture, characterized by high parallelism, and low resource consumption, enabling real-time signal
processing by DPD. A novel method is proposed, employing quantization-aware training (QAT) with
Hardsigmoid and Hardtanh functions to quantize the floating-point model in software. The optimized
algorithm is implemented on hardware with inter-layer pipelining and retiming to optimize timing and
increase clock frequency. Additionally, hardware-efficient linear functions, Hardsigmoid and Hardtanh,
are utilized for activation functions to minimize hardware overhead. Experimental results demonstrate
that hardware implementation achieves an Adjacent Channel Power Ratio (ACPR) of 49.48 dBc and an
Error Vector Magnitude (EVM) of 46.05 dB, showin minimal degradation compared to the floating-point
model (49.58 dBc/ 46.70 dB). Simulated under 22nm CMOS technology, the DPD chip, operating at
2GHz, occupied an area of 0.047mm2 and is capable of handling signals with bandwidth up to 70MHz.
The highest throughput reaches 256.5 GOp/s while the power efficiency reaches 1.3154 TOp/s/W.
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1
Introduction

1.1. Motivation
With the advancement of technology, wireless communication has surpassed the limitations of voice
calls. Innovations and applications in millimeter waves, micro base stations, and MIMO technologies
have expanded the bandwidth of the 5G wireless communication technology, increasing peak data
transmission rates over 10 Gbps or higher [2] [33]. The integration of these advancements into daily
life has facilitated the proliferation of the Internet of Things (IoT), mobile payments, smart wearables,
and live streaming. Meanwhile, these emerging industries demand extremely low latency from wireless
communication systems. To achieve high coverage and high-speed communication, 5G base stations
are becoming increasingly miniaturized and energy-efficient [35]. In these base stations, wireless mo-
bile communication relies on PAs to amplify small signals for transmission via antennas. PAs consume
the majority of the energy in this process [20], making their efficiency and power consumption critical
concerns for 5G communication systems.

However, the linearity and efficiency of PAs are often in conflict. When a PA operates in its linear
region, there is a constant gain between its input and output. As the signal power increases, the non-
linearity of the PA causes the signal gain to decrease, significantly deviating from the ideal output. This
introduction of non-linearity leads to spectral regrowth, which can interfere with adjacent channel com-
munications and cause in-band distortion, increasing the bit error rate and degrading communication
quality. Sacrificing efficiency to achieve linearity by backing off the PA to its linear operating region is
an impractical solution for real-world communication systems. To address this issue, DPD technology
is employed. DPD processes the digital signal before it enters the PA, using a model that inversely
mirrors the PA’s non-linear characteristics to compensate for the non-linearity. This method has found
widespread application in wireless communication systems due to its effectiveness in improving PA
performance without sacrificing efficiency.

Designing a high-performance DPD hardware circuit for communication systems characterized by
low latency and low power consumption is of significant importance. However, traditional PA models,
such as the Volterra series model and the Generalized Memory Polynomial (GMP) model, face sig-
nificant challenges as we move into the 6G era. With the widening frequency bands, mathematical
modeling of wideband PAs requires an increasing number of parameters, struggling to meet real-time
requirements. Additionally, the hardware overhead and power consumption associated with these
models have become substantial.

The rapid development of deep learning, which excels in addressing non-linearity, offers a novel
approach to solving DPD issues. Given the GRU model’s ability to handle sequential data efficiently
and its relatively low parameter count, this thesis proposes a low-power digital hardware accelerator of
a GRU Recurrent Neural Network (RNN)-based artificial intelligence (AI)-DPD. This approach aims to
leverage the strengths of GRU in managing temporal dependencies while minimizing hardware com-
plexity and power consumption, providing an innovative solution for modern wireless communication
systems.
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2 1. Introduction

1.2. Problem Description
Currently, research and implementations are predominantly focused on the software level, and applying
GRU neural networks to DPD is a novel direction. In hardware circuit design, floating-point calculations
are complex operations. As a result, parameters are often quantized to reduce the computational over-
head and simplify the critical path when designing GRU hardware accelerators. In DPD, the digital
signals to be processed are normalized IQ-modulated signals. Directly applying the quantized trained
model and input data during inference can significantly impact the accuracy of the computations. Ensur-
ing the linearization performance of the GRU model after quantization is a key challenge in developing
a high-performance DPD hardware circuit.

GRU neural networks exhibit high computational complexity. Serial computation, as performed on
Central Processing Units (CPUs), cannot meet the system’s data processing frequency requirements.
An efficient and well-designed system architecture, including memory units, computational units, and
control logic, is crucial for optimizing the critical path, increasing the system clock frequency, and re-
ducing data processing interval. Such an architecture ensures that the GRU-based DPD hardware can
effectively handle the high demands of real-time communication systems.

A high-performanceGRU hardware architecture entails highly parallel computations. Consequently,
the bit-width of intermediate results significantly impacts the area and power consumption. Designing
an efficient data flow is one of the primary goals of this design. Moreover, lookup tables (LUTs) for acti-
vation functions with large bit-widths exacerbate the area overhead, particularly in such highly parallel
designs. Therefore, it is crucial to find an efficient hardware-friendly quantization method for activation
functions in this design. This ensures that the implementation remains feasible in terms of area and
power while maintaining the performance of the GRU-based DPD system.

1.3. Objective
The main objectives of this work are as follows:

• In software design, use a QAT quantization strategy to quantize the float-point model with mixed
precision. Ensure that the quantized model has negligible linearization performance loss com-
pared to the original model.

• In software design, compare the accuracy of the model using LUTs to quantize the activation
function and that of the model using the Hardsigmoid/Hardtanh function to quantize the activation
function.

• In hardware design, design a suitable hardware microarchitecture and data flow of GRU compu-
tation to increase throughput and reduce data processing cycles.

• In hardware design, compare the resource utilization and power consumption of the LUTs method
and that of the Hardsigmoid/Hardtanh function method.

• In hardware design, optimize the critical path to increase the frequency.

1.4. Contributions
The main contributions of this work are as follows:

• Using QAT quantization strategy to quantize the floating-point model: The ACPR of the quantized
model with a format of Q2.10 on hardware can reach -49.48 dBc, which has slight loss compared
with the ACPR of the floating-point model, -49.58 dBc.

• Proposing a method to quantize the activation function in AI-DPD: The method of using the Hard-
sigmoid/Hardtanh function to replace the LUTs for quantizing the activation function significantly
reduces the area. In this work, the resource utilization reaches 18.85x reduction for the sig-
moid function and 35.25x reduction for the tanh function compared to implementation with LUTs
method.

• Proposing a highly parallel structure utilizing retiming and inter-layer pipeline to implement the
GRU neural network: The chip can operate at 2GHz with 7.5ns latency simulated under 22nm
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CMOS technology. The area of the chip is 0.047 mm2 and the power consumption reaches
194.726mW. What is more, the throughput and the power efficiency of the chip are 256.5 GOp/s
and 1.3154 TOp/s/W, respectively.

1.5. Outline
The structure of this thesis is shown as follows:

• Chapter 1 introduces the motivation of this work, the objectives to be achieved, and the contribu-
tion made.

• Chapter 2 provides the background of DPD. Firstly, the wireless communication and transmission
chain are introduced briefly. Then, the chapter discusses the non-linearity of PA in detail, including
two different types of distortion and evaluation criteria. Meanwhile, some traditional and state-of-
the-art methods for DPD are elaborated. Finally, the chapter analyzes the method of acceleration
of the RNN algorithm on hardware in terms of frequency and power consumption.

• Chapter 3 outlines the implementation of the GRU model in both software and hardware design.
This includes the quantization and proposed Hardsigmoid/Hardtanh function to quantize activa-
tion functions on software as well as the design of the structure, data stream, and individual
submodules on hardware.

• Chapter 4 presents the experimental setup of software and hardware and analyzes the experi-
mental results, and provides corresponding evaluations.

• Chapter 5 concludes the thesis and lists possible future work.





2
Background

2.1. Brief History of Wireless Communication
Over the past few decades, wireless communication technology has rapidly advanced, becoming an
indispensable component of modern technology and daily life. The first generation of wireless commu-
nication technology (1G) emerged in the 1980s [39], employing Frequency Division Multiplexing Access
(FDMA) and a cellular mobile network architecture. Due to technological limitations, signals were trans-
mitted through analog modulation, and the primary service offered was voice communication. However,
this generation suffered from low spectral efficiency and high susceptibility to interference, resulting in
limited capacity and unstable call quality. The second generation of wireless communication technol-
ogy (2G) marked the transition from analog to digital modulation [39]. Core technologies such as Time
Division Multiple Access (TDMA) and Code Division Multiple Access (CDMA) enhanced the stability
and reliability of communication systems [11]. Building on the advancements of 2G, the third genera-
tion (3G) introduced Wideband Code Division Multiple Access (WCDMA), significantly improving data
transmission rates and enabling the transmission of multimedia data (images, audio, video) [5], thereby
enriching users’ lives and entertainment experiences. The advent of the fourth generation (4G) brought
about further enhancements with Orthogonal Frequency Division Multiplexing (OFDM) technology [37],
which increased the ideal peak data transmission to several hundred Mbps. This paved the way for
the proliferation of applications such as live streaming and mobile payments.

In recent years, the rise of the IoT, autonomous driving, and virtual reality (VR) has driven the devel-
opment of the 5G of wireless communication technology. To meet the growing demand for faster data
transmission rates and larger system capacity, 5G wireless communication technology extends carrier
frequencies to the Sub-6GHz band (450MHz-6000MHz) and the mmWave band (24GHz-100GHz) [33].
With the integration of MIMO [45] and Beamforming technology, data transmission speed can reach
10Gbps and beyond [2] [33]. Consequently, the higher data transmission rates and ultra-low latency
provided by 5G facilitate applications such as edge computing, and remote medical care. However,
these advancements also pose significant challenges for processing ultra-wideband signals, particu-
larly concerning the real-time performance and power consumption of chips.

2.2. Signal Transmission Chain
The propagation of information in wireless communication system is a highly complex process, shown
in Figure 2.1, which mainly comprises the following processes:

• Signal Generation: As the initial stage of information transmission, original signals can be cate-
gorized into two types: analog signals and digital signals. Digital signals primarily originate from
devices such as Digital Signal Processor (DSP) and computers, while analog signals are mainly
generated by sensors, microphones, and similar devices.

• Sampling, Quantization, and Encoding: In modern communication systems, to ensure robustness
against interference and operational flexibility, information is transmitted as digital signals. Analog
signals, such as those used in telephone communications, must be sampled, quantized, and
encoded via an Analog-to-Digital Converter (ADC) in the baseband.
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6 2. Background

• Modulation: Electromagnetic waves with lower frequencies are easily absorbed by the Earth’s
surface and cannot effectively propagate. Additionally, the low-frequency wireless spectrum is
limited, potentially causing signal congestion. Considering antenna design, where the length is
proportional to the wavelength of radio signals (which is inversely proportional to frequency), low-
frequency signal transmission complicates the manufacture of base stations and antennas [49].
Hence, high-frequency modulation becomes essential. Common modulation techniques include
Amplitude Modulation (AM), Frequency Modulation (FM), Phase Shift Keying (PSK), and Quadra-
ture Amplitude Modulation (QAM). QAM decomposes the signal into two orthogonal components,
sine (I) and cosine (Q), and modulates them separately, enhancing spectrum utilization and ad-
jacent channel interference immunity [46]. QAM is extensively employed in 5G mobile communi-
cation systems.

• Radio Frequency (RF) Transmission: After modulation, the signal’s power remains relatively low
and is inadequate for transmission via the antenna. Therefore, the signal requires amplification by
PAs to achieve sufficient RF power to drive the antenna. RF transmission represents a significant
portion of the total power consumption in the signal propagation process [20].

• Propagation and Reception: The RF signal, once radiated through the antenna, propagates
through the air to reach the receiving end. Upon arrival, the signal undergoes processing steps
including filtering, amplification, and demodulation, ultimately converting the RF signal back into
its original form.

Signal 
Generation

Sampling 
Quantization 

Encoding
Modulation

Power 
Amplifier

RF 
Transmission

Base Station

Demodulation Amplification FilterDecoding

Baseband Radio Frequency

Figure 2.1: Propagation of information in wireless communication system

The advent of 5G communication has introduced advanced technologies such as millimeter-wave,
beamforming, and MIMO. These innovations have led to a denser deployment of base stations and
network nodes, transitioning from a central base station-centric model to one that is more customer
and device-centric [36] [35]. Consequently, smaller base stations have assumed more critical roles in
the network infrastructure. This shift necessitates a significant reduction in power consumption and
cost for these small base stations, making the design of high-performance System on Chips (SoCs)
with low power and low latency a top priority.

2.3. Non-linearity of PA
In wireless communication systems, PAs are essential components responsible for amplifying small
signal power to levels suitable for antenna transmission, thus ensuring effective signal propagation.
Ideally, PAs should provide constant gain, achieving linear amplification of the input signal. However,
due to the inherent non-linear characteristics of PAs, non-linear distortion arises when operating in
the saturation region. As the input signal power increases, this non-linearity causes the actual output
to deviate from the ideal gain curve, resulting in distortions. Specifically, this manifests as amplitude-
amplitude (AM-AM) and amplitude-phase (AM-PM) distortions in the time domain [32]. In the frequency
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domain, on one hand, the spectrum of output is broadened. The non-linearity of PA induces high-order
intermodulation of the transmitted signal during amplification, causing spectral components to spill
into adjacent frequency bands, adversely affecting the communication quality of adjacent channels.
On the other hand, the nonlinearity induces in-band signal distortion [17], which results in significant
interference within the communication signal, thereby increasing the in-band bit error rate.

2.3.1. Memoryless Distortion
Memoryless distortion in PAs refers to the distortion of the output signal being solely dependent on
the current input signal. When the input signal amplitude is low, the PA operates in the linear region,
and its output gain can be approximately considered constant. However, as the input signal amplitude
increases, in the AM-AM characteristic curve, shown in Figure 2.2a, the gain of the PA is compressed
with increasing input power, deviating from the ideal linear curve and bending downwards. In the AM-
PM characteristic curve, shown in Figure 2.2b, this manifests as output signal phase shift compressing
with increasing input power.
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Figure 2.2: Conceptual AM-AM and AM-PM characteristics of PAs with memoryless distortion

Figure 2.3: A power spectral density plot example showing the spurious emission of PA output without DPD vs. with DPD.
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In the frequency domain, shown in Figure 2.3, the non-linearity of the PA introduces direct current
components, second harmonic, and third harmonic into the output signal [42] [17], leading to intermod-
ulation distortion between signals of different frequencies in the system. This distortion is evidenced in
the spectrum graph as a degradation of flatness within the signal band and significant spectral expan-
sion outside the band.

2.3.2. Memory Distortion
Memory distortion in PAs refers to the phenomenon where the output signal is influenced not only by
the current input signal but also by previous input signals, indicating the presence of a time correlation
between the amplifier’s output and input. With the increase in bandwidth and circuit complexity, ther-
mal effects generated by electronic components such as capacitors, inductors, and transistors have
become the primary sources of memory distortion in PA [17]. In the time domain, the memory effect is
manifested as variations in output gain and phase for input signals of the same amplitude.
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Figure 2.4: Conceptual AM-AM and AM-PM characteristics of PAs with memory distortion

AM-AM distortion curve in Figure 2.4a and AM-PM Distortion Curve in Figure 2.4b exhibit dispersion
characteristics, where the degree of divergence in the data points reflects the strength of the PA’s
memory effect. A more pronounced divergence in the characteristic curve indicates a stronger memory
effect, whereas a lesser divergence suggests a weaker memory effect. Similarly, in the frequency
domain, memory distortion further exacerbates signal spectrum expansion.

2.3.3. Evaluation Criteria
The evaluation metrics for PAs non-linearity primarily include Normalized Mean Squared Error (NMSE),
Adjacent Channel Power Ratio (ACPR), and Error Vector Magnitude (EVM).

Normalized Mean Squared Error
The NMSE reflects the magnitude of the discrepancy between the actual output of the PA and the ideal
output. A smaller value indicates a closer proximity of the actual output to the desired value. The
mathematical expression is shown as follows:

𝑁𝑀𝑆𝐸 = 10 lg
∑𝑁−1𝑛=0 |𝑦(𝑛) − 𝑦′(𝑛)|

2

∑𝑁−1𝑛=0 |𝑦(𝑛)|2
(2.1)

The equation defines 𝑦(𝑛) as the actual output signal of the PA, 𝑦′(𝑛) as the ideal output signal of
the PA and N as the number of samples taken.
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Adjacent Channel Power Ratio
The definition of ACPR is the ratio of adjacent channel power to the main channel power, mainly reflect-
ing the impact of amplifier non-linear distortion on adjacent channels. A smaller value indicates lower
non-linear distortion and less interference between adjacent channels. The mathematical expression
is shown as follows:

𝐴𝐶𝑃𝑅 = 10 lg⎛⎜

⎝

∫
𝑎𝑑𝑗

𝑃𝑆𝐷(𝑤)𝑑𝑤

∫
𝑚𝑎𝑖𝑛

𝑃𝑆𝐷(𝑤)𝑑𝑤
⎞
⎟

⎠

(2.2)

In the equation, 𝑃𝑆𝐷(𝑤) represents the power spectral density (PSD) function, ’adj’ denotes the
adjacent frequency range, and ’main’ indicates the main channel frequency range.

Error Vector Magnitude
The EVM quantifies the average power of the difference between the actual output and the ideal output
signals, relative to the average power of the ideal output signal. It serves as a metric for assessing the
quality of modulation signals. A smaller value indicates lower distortion and higher signal quality. The
mathematical expression is shown as follows:

𝐸𝑉𝑀 =

√⃓
⃓⃓
⃓⃓
⃓⃓
⃓⃓
⃓⃓
⃓⃓
⎷

𝑁

∑
𝑛=1

((𝐼′𝑛 − 𝐼𝑛)2 + (𝑄′𝑛 − 𝑄𝑛)2)

𝑁

∑
𝑛=1

(𝐼𝑛2 + 𝑄𝑛2)

(2.3)

In the equation,𝐼𝑛 and 𝑄𝑛 are the I/Q components of the ideal output signal. While 𝐼′𝑛 and 𝑄′𝑛 are
the I/Q components of the actual output signal. 𝑁 is the length of the input vector signal.

2.4. Digital Pre-Distortion
In wireless communication systems, the RF front end consumes the majority of the power [20]. To
improve efficiency, it is desirable for PAs to operate near the saturation region. Therefore, addressing
the non-linearity that arise near saturation becomes crucial. This challenge has led to the development
and implementation of DPD technology.

2.4.1. Principle
The principle of DPD involves passing the input signal through a mathematical model that inversely
mirrors the non-linear characteristics of the PA before it reaches the PA. The output from this mathe-
matical model is then used as the new input to the PA. By cascading these two stages, the non-linear
distortion caused by PA is counteracted, resulting in linear amplification of the output signal relative to
the input signal. This mathematical model is referred to as the digital pre-distorter. Figure 2.5 illus-
trates the process of DPD. The graph demonstrates that the output characteristic curve of the digital
pre-distorter is inverse to that of PA, ensuring that the product of their gains remains constant [32].

In the graph, 𝑉𝑖𝑛, 𝑉𝐷 and 𝑉𝑜𝑢𝑡 represent the input signal, the output signal after digital pre-distorter
and the output signal amplified by PA. 𝐹(𝑥) denotes the function of digital pre-distorter, while 𝐺(𝑥)
represents the function of the PA. The overall system function is expressed as follows:

𝑉𝑜𝑢𝑡 = 𝐺(𝐹(𝑉𝑖𝑛)) (2.4)

2.4.2. Conventional Methods
The conventional DPD model needs to model the non-linearity of the PA at first, which involves fitting
the input-output relationship of the PA. Based on the results of this modeling, non-linear compensation
is subsequently applied to the PA to mitigate the distortion effects.
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Figure 2.5: Process of DPD

Volterra Series Model
The Volterra series [14] model is a widely used mathematical model for describing the non-linearity
of PAs. This model employs polynomial expansions to characterize the system’s non-linear behavior.
Unlike the Taylor series, the Volterra series incorporates higher-order terms and delay memory terms,
effectively capturing the memory relationship between the current output of the system and past inputs.
In discrete non-linear time-invariant systems, the Volterra series can be expressed as follows:

𝑦𝑣𝑜𝑙(𝑛) =
𝑄

∑
𝑞1=0

ℎ1(𝑞1)𝑥(𝑛 − 𝑞1)

+
𝑄

∑
𝑞1=0

𝑄

∑
𝑞2=0

ℎ2(𝑞1, 𝑞2)𝑥(𝑛 − 𝑞1)𝑥(𝑛 − 𝑞2)

+ ⋯

+
𝑄

∑
𝑞1=0

𝑄

∑
𝑞2=0

⋯
𝑄

∑
𝑞𝑘=0

ℎ𝑘(𝑞1, 𝑞2, ⋯ 𝑞𝑘)𝑥(𝑛 − 𝑞1)𝑥(𝑛 − 𝑞2)⋯𝑥(𝑛 − 𝑞𝑘)

(2.5)

In the equation, 𝑥(𝑛) and 𝑦𝑣𝑜𝑙(𝑛) represent the input and output functions of the system, respectively.
𝑄 denotes thememory depth, 𝑘 is the non-linearity order, ℎ𝑘 represents the k-th order non-linear transfer
function, and it can be fitted using the least squares method.

However, as the memory depth and non-linearity order increase, the parameters in the Volterra
series exhibit exponential growth, leading to a substantial rise in computational complexity and resource
requirements. This escalation presents significant challenges for hardware design in subsequent DPD
implementations, rendering the Volterra series model impractical for modern wireless communication
systems characterized by wide bandwidth and strong non-linearity.

Generalized Memory Polynomial Model
Some simplified models have been proposed to mitigate the challenges of excessive parameters and
computational complexity in the Volterra model. The even-order non-linear components of the PA are
far from the center frequency and can be filtered using bandpass filters, while the odd-order non-linear
components primarily influence PA non-linearity. Based on this observation, a simplified model, known
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as the Memory Polynomial (MP) model, is proposed by Bell Telephone Laboratories [24], which retains
only the diagonal terms of the Volterra series. It can be expressed as:

𝑦𝑀𝑃(𝑛) =
𝐾

∑
𝑘=1

𝑄

∑
𝑞=0

𝑎𝑘,𝑞𝑥(𝑛 − 𝑞)|𝑥(𝑛 − 𝑞)|
𝑘−1

(2.6)

Among them, 𝐾 is the non-linear order, 𝑄 is the memory depth, and 𝑎 is the coefficient of the
polynomial.

While the simplification of the Volterra series model reduces the parameter count and simplifies the
structure, it also results in a loss of precision due to the omission of cross-terms. Consequently, the MP
model is inadequate for strongly non-linear systems with wide bandwidth. To address this limitation,
the GMP model has been proposed [30]. The GMP model retains both the diagonal and cross-terms
of the MP model, thereby enhancing model accuracy. Its expression is as follows:

𝑦𝐺𝑃𝑀(𝑛) =
𝑀𝑎
∑
𝑚=0

𝐾𝑎
∑
𝑘=1

𝑎𝑚𝑘𝑥(𝑛 − 𝑚)|𝑥(𝑛 − 𝑚)|
𝑘−1

+
𝑀𝑏
∑
𝑚=0

𝐾𝑏
∑
𝑘=2

𝑃

∑
𝑝=1

𝑏𝑚𝑘𝑝𝑥(𝑛 − 𝑚)|𝑥(𝑛 − 𝑚 − 𝑝)|
𝑘−1

+
𝑀𝑐
∑
𝑚=0

𝐾𝑐
∑
𝑘=2

𝑄

∑
𝑞=1

𝑐𝑚𝑘𝑝𝑥(𝑛 − 𝑚)|𝑥(𝑛 − 𝑚 + 𝑞)|
𝑘−1

(2.7)

Compared to the MP model, although the GMP model exhibits increased computational complexity,
its significant improvement in accuracy has led to widespread application in hardware and engineering.

2.4.3. Deep Learning Methods
Although traditional DPD mathematical models excel in mathematically and physically analyzing sys-
tems and can achieve optimal performance through manual parameter tuning, the increasing complex-
ity of PA non-linearity with wideband signals in modern wireless communication systems presents sig-
nificant challenges. The complexity in modeling and the subsequent rise in computational requirements
render traditional methods less practical. In recent years, neural networks have gained prominence due
to their robust fitting capabilities, making them highly applicable in modeling non-linear systems. This
advancement offers a new direction for DPD research.

RVTDNN Model
The Time Delay Neural Network (TDNN) is the pioneer neural network model applying to PA [34]. A
neural network is composed of neurons, each consisting of several inputs and a single output. The
Real-Valued Time-Delay Neural Network (RVTDNN) is a multi-input multi-output neural network struc-
ture employed in DPD [18]. The network comprises input, hidden, and output layers. It takes the real
(I) and imaginary (Q) components of signals at different time instances as inputs to the neural network
model. Through processes such as weighted summation, bias addition, and activation in multiple hid-
den layers, the values of the signals I and Q at the current time instance are outputd. The network
structure is illustrated in Figure 2.6 and Figure 2.7.

The accuracy of modeling PA non-linearity is closely linked to both the number of neurons in the
hidden layer and the depth of the hidden layers. Generally, increasing the number of neurons and the
depth of the hidden layers enhances accuracy. However, this also results in higher hardware resource
costs and longer network training times.

RNN Model
RNN is a type of neural network characterized by feedback connections, capable of handling sequential
data while maintaining internal states during processing [29] [9] [23]. This property confers inherent
advantages to RNN models in modeling PA non-linearity. Two notable models, the vector decomposed
long short-term memory (VDLSTM) model and the simplified vector decomposed long short-term mem-
ory (SVDLSTM) model, have been applied to DPD [27]. Another research has highlighted the efficacy
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Figure 2.7: Basic structure of TDNN

of RNN models over traditional GMP models in addressing PA non-linearity. [26]. Additionally, the de-
composed vector rotation (DVR) method has been proposed to enhance linearization performance [25].

An RNN neural network consists of the input layer, hidden layer, and output layer, as depicted
in Figure 2.8. In the structure, 𝑈,𝑊 and 𝑉 represent the weight matrices, 𝑋𝑡 is the input at the current
time step, 𝑆𝑡−1 is the hidden state from the previous time step, and 𝑂𝑡 is the output at the current time
step. The update of the hidden state 𝑆𝑡 depends on both the current input 𝑋𝑡 and the previous hidden
state 𝑆𝑡−1. This relationship can be described by the following equation:

𝑂𝑡 = 𝑔(𝑉 ∗ 𝑆𝑡) (2.8)

𝑆𝑡 = 𝑓(𝑈 ∗ 𝑋𝑡 +𝑊 ∗ 𝑆𝑡−1) (2.9)

As mentioned in previous chapters, RNN neural network models have a natural advantage in han-
dling time-series signals. However, during the process of training, issues such as exploding gradients
and vanishing gradients may arise [38]. To address the challenges of long-term dependencies, variants
of RNN, such as the Long Short-term Memory (LSTM) and GRU structures, have been developed [38].
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The GRU structure, an optimized version of the LSTM structure, features fewer parameters and a
simpler architecture while maintaining comparable accuracy [10].

2.4.4. OpenDPD
Y. Wu et al. [48] propose an open-source end-to-end deep learning model and DPD framework to
address PA non-linearity. The study also introduces a dataset similar to MNIST, which serves as a
benchmark for evaluating DPD models. This approach primarily comprises three steps:

• Data Extraction: The IQ-modulated signals at different frequencies are passed through the input
and output of the PA and the digital transmitter. These signals are then extracted to form the
training datasets.

• Train PA Model: Given the varying non-linear characteristics of PAs in different experimental
environments, multiple models are applied to train the PA. The results are compared to establish
a foundation for subsequent DPD training.

• Train DPD Model: The previously trained PA model remains unchanged. The DPD model is then
trained by cascading it with the PA model, and the training results are evaluated based on specific
criteria (NMSE, ACPR, EVM).

Experimental results indicate that after 100 epochs of training, the Dense Gated Recurrent Unit
(DGRU) model, comprising a single GRU neural network layer and two fully connected layers, achieves
an ACPR of −44.69/ − 44.47𝑑𝐵𝑐 and an EVM of −35.22𝑑𝐵, making it the most outstanding performer
among various neural network models.

The quantized model of the DGRU also demonstrates excellent performance. Y. Wu et al. [47]
propose a low-complexity mixed-precision quantization model to reduce the computational complexity
and energy consumption of floating-point models while maintaining acceptable precision and accuracy.
Experimental results show that quantizing floating-point numbers to integer types has a minimal impact
on output results and significantly reduces power consumption. When the weights and inputs of the
GRU model are quantized to 16-bit integers, the ACPR reaches −43.75/ − 45.27𝑑𝐵𝑐, which is nearly
comparable to the FP32 results of −43.36/ − 45.30𝑑𝐵𝑐. Furthermore, the energy consumption and
power usage of the quantized model are 1.13𝑛𝐽 and 0.72𝑊, respectively, compared to 2.94𝑛𝐽 and
1.88𝑊 for the float model, representing a 60% reduction. This study provides theoretical support and
a basis for hardware implementation of SoC.

2.5. DPD Digital Circuit Implementation
When designing DPD systems, it is imperative to develop an appropriate hardware architecture ca-
pable of processing signals efficiently and accurately in real-time while also minimizing computational
complexity and power consumption. Inspired by the experimental results of OpenDPD, the GRU neural
network demonstrates significant advantages in terms of precision, parameter quantity, and complex-
ity. Consequently, the objective of this paper is to design a GRU-based DPD digital circuit. Before
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embarking on the design of a hardware system, it is essential to comprehend factors that influence
power consumption and frequency, as well as structures of accelerators and quantization strategies
from previous studies. Additionally, it is necessary to know about the implementation platform of the
hardware system.

2.5.1. Frequency and Power Efficiency
Clock frequency is an important metric for measuring hardware performance, as it determines the
maximum operating frequency of the chip. If excessive computations are performed within a single
clock cycle, long combination logic chains can lead to timing violations in the early register-transfer
level stage [13], thereby reducing the clock frequency. Given a clock frequency 𝑓𝑐𝑙𝑘 and a processing
interval of 𝑛 cycles, the data processing frequency can be calculated as:

𝑓𝑑𝑎𝑡𝑎 =
𝑓𝑐𝑙𝑘
𝑛 (2.10)

There exists a constraint relationship between 𝑓𝑐𝑙𝑘 and 𝑛. Generally, an increase in the processing
interval may positively impact the clock frequency. However, 𝑓𝑑𝑎𝑡𝑎 may not increase proportionally.
Additionally, an increase in clock frequency will also lead to higher power consumption. Therefore, in
the design of DPD hardware systems, balancing the relationship between clock frequency, processing
interval, and data processing frequency is crucial to ensure power efficiency.

Power consumption is another essential metric when designing hardware circuits. The power con-
sumption of digital circuits can be divided into two parts: static power and dynamic power. Static power
refers to the power consumed when there are no activities in the circuit [15]. This power consumption is
typically due to leakage current in transistors and is related to the production and the number and types
of components [15]. Dynamic power, on the other hand, refers to the power consumed by the transition
activity of signals inside the circuit. Its consumption is influenced by factors such as frequency, power
supply voltage, and load capacitance and can be expressed as follows:

𝑃𝑑𝑦𝑛𝑎𝑚𝑖𝑐 = 𝛼𝐶𝑣2𝑓 (2.11)

𝐶 stands for capacitance, 𝑉 is the supply voltage, 𝑓 is the clock frequency, and 𝛼 is the dynamic
power factor related to process and design parameters. Therefore, it is crucial to optimize circuit struc-
ture to ensure that a high-performance hardware system operates at a very high frequency.

In addition, simplifying workload and reducing complexity can fundamentally reduce power con-
sumption and simplify circuit structure. The relationship between dynamic power consumption and
computation is extensively analyzed in previous research [47], as expressed in the formula:

𝐸 = 𝐸𝑀𝑈𝐿 + 𝐸𝐴𝐷𝐷 + 𝐸𝑀𝐸𝑀 (2.12)

Therefore, reducing multiply-accumulate operations and memory accesses can effectively reduce
power consumption.

Furthermore, in deep learning model frameworks, most models use floating-point precision to en-
sure accuracy. However, floating-point multiply-accumulate computations are less hardware-friendly
compared to fixed-point operations. Within an acceptable range of precision loss, deep learning models
using fixed-point arithmetic demonstrate excellent performance on hardware.

F. Fang et al. [12] compare the area and power of hardware implementations of inverse discrete
cosine transform (IDCT) with floating-point precision, lightweight floating-point precision, and fixed-
point precision. The results illustrate that fixed-point implementation occupies 36905𝑢𝑚2, which is
almost half of the lightweight floating-point implementation and one-fifth of the floating-point implemen-
tation.The power consumption is 12.6𝑚𝑤, which is approximately 70% of that of lightweight floating-
point implementation and 23% of that of floating-point implementation.

Y. F. Tong et al. [41] find that the accuracy remains nearly the same level even if the bit-width de-
creases when the initial number is sufficiently large. However, when the bit-width is small, the reduction
will lead to a significant drop in accuracy. It is also noted that energy consumption has an approximate
linear relationship with bit-width. Other studies have found that the data width in hardware significantly
impacts power consumption and frequency. M. van Baalen et al. [3] observe that reducing weight bit-
width has a slight influence on the ResNet18 model’s accuracy, dropping only from 70.34 to 69.73,
while power consumption decreases dramatically by 17.5%. He also finds that with the same power
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consumption, mixed precision obtains 0.5% more accuracy than fixed bit-width, while under the same
accuracy, mixed precision consumes 4% less power than fixed bit-width.

Therefore, balancing accuracy and bit width is an important part of designing a deep-learning hard-
ware system.

2.5.2. Method of Acceleration on Hardware
Multi-processing unit and Calculate in Parallel
In CPUs, the scarcity of computing resources often necessitates sequential execution of most pro-
grams, significantly affecting processing efficiency. In contrast, Application Specific Integrated Circuit
(ASIC) and Field Programmable Gate Array (FPGA) boast abundant logical and computing resources,
enabling parallel computation as their primary feature. By leveraging parallel computation, tasks that
require multiple cycles on a CPU can be completed in fewer cycles on an FPGA or ASIC, thereby
enhancing performance.

For instance, summing four numbers on a CPU involves sequential calculations, requiring three
cycles to complete. On an FPGA or ASIC, the process is optimized by dividing the four numbers into two
groups, calculating each group in parallel, and then summing the intermediate results. This approach
reduces the total number of cycles to two. As the quantity of numbers increases, the reduction in cycles
becomes even more pronounced. The processes on a CPU and FPGA/ASIC are shown in Figure 2.9.

+
A

B

+C

+D +

+
+

A

B

C

D

cycle 1 cycle 2 cycle 3
cycle 1 cycle 2

Output

Output

Figure 2.9: Process of calculation on CPU and FPGA/ASIC

Thus, the key to designing aGRU-based DPD hardware accelerator lies in enhancing computational
parallelism, which reduces data processing cycles and increases data processing frequency.

Time Multiplexing
In FPGA/ASIC design, it is crucial to improve the utilization of limited resources. Additionally, simpler
circuits with lower resource overhead can significantly reduce chip power consumption. Time multi-
plexing is a technique that allows multiple functions to share the same hardware resource at different
time intervals, thereby optimizing resource utilization.

For the GRU model, the computations for the reset gate, update gate, candidate memory cell, and
hidden state involve numerous matrix multiplications and additions with similar computational struc-
tures. Moreover, the calculations for these gates cannot be fully parallelized. Given these character-
istics, time multiplexing can be employed to optimize circuit structure and reduce hardware resource
usage. By scheduling the computations of these gates at different time intervals, the same hardware
resources can be reused, leading to more efficient use of FPGA/ASIC resources.

Pipeline
Pipeline design involves dividing a large-scale, multi-layer combination logic into several stages and
inserting register sets at each stage to store intermediate data temporarily. With inputs fed continuously
from the start of the pipeline, each stage performs its operations in an overlapping manner. A K-stage
pipeline contains exactly 𝐾 register sets from the input to the output of the combination logic (divided
into 𝐾 stages, each with one register set). The output of the previous stage serves as the input for the
next stage, without feedback loops.

The application of pipelines can enhance the system’s parallelism and throughput, reduce the worst
negative slack (WNS), and increase the clock frequency. However, the performance improvement from
pipeline design comes at the cost of increased register resource usage.
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The pipeline design method is illustrated in the Figure 2.10. In this example, a task consists of three
stages A, B, and C, each requiring one cycle to execute. When executed serially, two instances of this
task require 6 cycles to complete. While using a pipeline, the same two tasks can be accomplished in
only 4 cycles.

B CA B CA

B CA

B CA

B CA

B CA

Cycles

serial 
execution

Pipeline

Figure 2.10: Pipeline

Memory Hierarchy
Efficient storage design can also improve hardware processing performance. In digital circuits, data
transfer is a time-consuming and resource-intensive activity. As a result, reducing data transfer and
the number of computing unit accesses can significantly lower the overall power consumption of the
chip. Hardware storage can be categorized into three major types: cache, SRAM, and DRAM. These
categories differ in terms of access speeds and storage capacities, with cache having the fastest access
speed but the smallest capacity, followed by SRAM, and then DRAM with the largest capacity but the
slowest access speed. Thus, the strategy of storage utilization is a critical aspect of hardware design.

2.5.3. RNN Hardware Accelerator
Model Compression and Quantization
Neural network models are usually large and parameter-heavy to achieve optimal performance, which
presents challenges for hardware implementation in terms of resource utilization, power consumption,
and timing. Model compression can reduce the number of parameters in a neural network model while
maintaining its original performance, thereby alleviating the storage burden on the model’s hardware
accelerator. Model compression techniques include data quantization and data compression.

Data quantization refers to converting floating-point numbers to fixed-point numbers. This method
saves storage space and simplifies the hardware multiplication structure. This paper utilizes this ap-
proach, and details will be elaborated on in the next chapter.

Data Compression, particularly through network pruning, is another common technique. Neural
network parameters often include redundant or relatively small values. Ignoring the connections corre-
sponding to these neurons has a minimal impact on the final result, as illustrated in Figure 2.11. Pruned
parameters can be stored as sparse matrices in hardware. Utilizing sparse matrix multiplication instead
of dense matrix multiplication can enhance performance.

S. Han et al. [19] propose a load-balanced-aware pruning method that compresses the LSTMmodel
size by 20× while maintaining prediction accuracy. Experimental results show that the design imple-
mented on FPGA exhibits energy efficiency 40 times greater than that of a CPU and 11.5 times greater
than that of a GPU.
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Figure 2.11: Pruning of the neural network

Activation Function Implementation
The computation of the activation function presents a significant challenge in the hardware implemen-
tation of neural networks. The activation function is a non-linear transcendental function that cannot be
expressed using a finite number of algebraic operations (addition, subtraction, multiplication, division).
Therefore, its hardware implementation is highly complex and resource-intensive. Two methods are
proposed to address this issue: LUTs and PWL.

The LUTs method involves defining an appropriate input range for the activation function and se-
lecting several discrete points within this range. It is important to note that the input range and the
number of points depend on the precision of the model; a larger range and more points result in higher
precision but also greater resource consumption. These inputs and their corresponding outputs are
stored in the LUT, which functions similarly to read-only memory. Each input acts as an address, and
the output corresponds to the content stored at that address. This method trades off space for time.

The PWL method approximates the non-linear activation function using several segmented linear
functions. The number and the determination of these linear functions mainly depend on the model’s
precision requirements. The advantage of the PWL method is that each linear function can be imple-
mented using shifts and additions on hardware. However, if the number of linear functions is too large,
it may lead to significant resource consumption. An example of a PWL approximation of the sigmoid
function is as follows:
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(2.13)

M. T. Ali et al. [1] compare the implementation of the tanh(x) function on FPGA using the LUTs, PWL,
and polynomial methods. The experimental results show that the LUT method is the most efficient,
with resource consumption approximately one-third that of the PWL method and one-eighth that of the
polynomial method. Additionally, E. Guillena et al. [18] employ PWL to approximate the sigmoid function
on FPGA-based LSTM accelerator, achieving a calculation speed increase of 20.18 times compared
with CPU processing.
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Structure
In deep learning models, matrix multiplication is often large in scale, resulting in significant time and
hardware resource consumption for memory access and arithmetic operations. The Delta RNN Algo-
rithm presents a novel structure to address this issue by reducing the computational load. The Delta
RNN Algorithm uses the change Δ𝑥 between the current input 𝑥𝑡 and the previous input 𝑥𝑡−1 as the new
input for the GRU model. A threshold is set, where Δ𝑥 values smaller than the threshold are treated as
zero, while larger values are retained. The Delta RNN Algorithm implies that when the input change is
small, its impact on the output can be ignored.

Additionally, LSTM networks exhibit a highly skewed distribution of computational complexity among
the primitive operators [43]. Therefore, it is crucial to design a practicable structure that balances
multiplication, addition, and other operations.

D. Neil et al. [31] apply the Delta RNN Algorithm to the TIDIGITS audio digit recognition benchmark.
Experimental results shows that the Delta RNN Algorithm reduces computational energy consumption
by a figure of 9 without any loss in model accuracy. C. Chang et al. [16] accelerate GRU networks on
an FPGA using the Delta RNN Algorithm, achieving an effective throughput of 1.2 TOp/s and a power
efficiency of 164 GOp/s/W, and a 5.7x speedup compared to a conventional RNN. S. Wang et al. [43]
propose the coarse-grained pipelines to split the long combination logic into small segments, thereby
accelerating the LSTM model on hardware.

2.5.4. Related Work
Currently, the hardware implementation of DPD predominantly relies on conventional models, with very
few studies exploring the implementation of DPD using deep learning models. And the majority of DPD
hardware designs are implemented on FPGA platforms. H. Lin et al. [28] propose a low-cost hard-
ware implementation scheme for DPD based LUT method. H. Chen et al. [7] propose a low-complexity
joint-polynomial-and-LUT pre-distortion PA linearizer, maintaining a low computational complexity and
an excellent ACPR. H. Hunag et al. [21] introduce a parallel processing DPD architecture, which over-
comes the bandwidth constraints imposed by the maximum clock frequency of the FPGA. The results
illustrate that the hardware implementation can achieve a total linearization bandwidth of 1.25 GHz. T.
Cappelo et al. [6] design a scalable DPD on FPGA. The clock frequency and bit can be scaled up to
250 MHz and 16 bits. The research explores the trade-offs between the power consumption and the
linearization performance in DPD system.
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Proposed Methodology

This chapter will illustrate the software-hardware co-design methodology of this work from the software
implementation to hardware implementation.

3.1. Software Implementation
The basic framework of this work consists of a GRU neural network and a fully connected neural net-
work. Four hardware-friendly features are extracted as inputs to the neural network. To simplify the
computation and storage on hardware, quantization of weight and bias is introduced. Additionally, to
meet low power consumption requirements and reduce resource usage on hardware, a quantization
method for the activation function is proposed.

The overall structure of DPD is shown in Figure 3.1, with our work focusing on the pre-distorter
component. The framework of this work consists of three layers: the input-processing layer, the GRU
layer, and the FC layer, as depicted in Figure 3.2. In this work, four features are extracted, namely 𝐼𝑥,
𝑄𝑥, 𝐼2𝑥 + 𝑄2𝑥 and (𝐼2𝑥 + 𝑄2𝑥)2. The GRU neural network is configured with an input feature size of 4, a
hidden size of 10, and a single hidden layer. The 10 outputs from the GRU layer are then mapped to
2 outputs through a fully connected layer. These two output are the results of the DPD exploiting the
GRU neural network.

Signal
Source

Predistorter

FPGA/ASIC
I/Q

DAC Up-converter PA RF Output

Down-converterADC

Parameter
Extraction

Att.OPENDPD
github.com/lab-emi/OpenDPD

Figure 3.1: Simplified block diagram of DPD structure

3.1.1. GRU Architecture
This work prioritizes minimizing the number of model parameters and reducing complexity to design a
high-performance digital circuit. Due to its efficient structure, the GRUmodel offers distinct advantages
over other neural network types. The core idea of the GRUmodel is to introduce non-linear gating units
that regulate the connections between the current and previous outputs, thereby mitigating issues of
vanishing and exploding gradients.

19
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Figure 3.2: The GRU-based DPD architecture

Compared to traditional RNN models, GRU adds two gating structures and a candidate memory
unit, namely reset gate (𝑟𝑡), update gate (𝑧𝑡), and candidate memory unit (𝑛𝑡). The structure of the
GRU model is illustrated in Figure 3.3.

• Update Gate (𝑧𝑡): The update gate influences the hidden state, determining the extent to which
the previous time step’s hidden state affects the current time step. Its value ranges from 0 to 1,
with values closer to 0 indicating a greater influence from the previous time step and less from
the current time step, and vice versa.

• Reset Gate (𝑟𝑡): The reset gate updates the candidate memory unit of the current neuron, indi-
cating the influence of the previous time step’s hidden state on the current candidate cell state. Its
value also ranges from 0 to 1, with values closer to 0 indicating less influence from the previous
time step.

• Candidate memory unit (𝑛𝑡): This unit stores memory information, updated based on the reset
gate’s value.
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Figure 3.3: GRU neural network structure
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The GRU model can be represented by the following mathematical formulas [8]:

𝑟𝑡 = 𝜎(𝑊𝑖𝑟𝑥𝑡 + 𝑏𝑖𝑟 +𝑊ℎ𝑟ℎ𝑡−1 + 𝑏ℎ𝑟) (3.1)

𝑧𝑡 = 𝜎(𝑊𝑖𝑧𝑥𝑡 + 𝑏𝑖𝑧 +𝑊ℎ𝑧ℎ𝑡−1 + 𝑏ℎ𝑧) (3.2)

𝑛𝑡 = tanh(𝑊𝑖𝑛𝑥𝑡 + 𝑏𝑖𝑛 + 𝑟𝑡⊙ (𝑊ℎ𝑛ℎ𝑡−1 + 𝑏ℎ𝑛)) (3.3)

ℎ𝑡 = (1 − 𝑧𝑡) ⊙ 𝑛𝑡 + 𝑧𝑡⊙ℎ𝑡−1 (3.4)

In the formulas, 𝑊𝑖𝑟, 𝑊𝑖𝑧, and 𝑊𝑖𝑛 are input-hidden weights, while 𝑊ℎ𝑟, 𝑊ℎ𝑧, and 𝑊ℎ𝑟 are hidden-
hidden weights. Similarly, 𝑏𝑖𝑟, 𝑏𝑖𝑧, and 𝑏𝑖𝑛 are input-hidden biases, while 𝑏ℎ𝑟, 𝑏ℎ𝑧, and 𝑏ℎ𝑛 are hidden-
hidden biases. The symbol ⊙ denotes the Hadamard product, 𝜎 represents the sigmoid activation
function.

𝜎(𝑥) = 1
1 + 𝑒−𝑥 (3.5)

tanh(𝑥) = 𝑒𝑥 − 𝑒−𝑥
𝑒𝑥 + 𝑒−𝑥 (3.6)

3.1.2. Feature Extraction
Feature extraction from initial data is essential for deep-learning neural networks. While a greater
number of input features often leads to higher accuracy, they also increase model complexity and
result in redundant parameters. This complexity poses significant challenges for hardware design. For
DPD, efficiently extracting relevant information from the original signal is a key challenge. This work
employs IQ modulation for the signal, where the I and Q components inherently contain a significant
amount of information within the frequency band. Additionally, most of the waveform’s characteristics
at the current time can be derived from these two components, such as sine signals, cosine signals,
and amplitude. This can be expressed as follows :

|𝑥| = √𝐼2𝑥 + 𝑄2𝑥 (3.7)

𝑠𝑖𝑛𝜃𝑥 =
𝐼𝑥

√𝐼2𝑥 + 𝑄2𝑥
(3.8)

𝑐𝑜𝑠𝜃𝑥 =
𝑄𝑥

√𝐼2𝑥 + 𝑄2𝑥
(3.9)

In OpenDPD, the selected features are 𝐼𝑥, 𝑄𝑥, |𝑥|, |𝑥|
3, 𝑠𝑖𝑛𝜃𝑥, 𝑐𝑜𝑠𝜃𝑥 [48], while in MP-DPD, the

selected features are 𝐼𝑥, 𝑄𝑥, |𝑥|, |𝑥|
3 [47]. The experimental results indicate that reducing the num-

ber of features with minimal impact on the outcome has little effect on accuracy. In this work, feature
extraction not only considers software accuracy but also accounts for the cost and overhead of hard-
ware computation. Therefore, sine and cosine features are discarded due to the cumbersome nature
of division calculations on hardware. Direct division consumes large resources and reduces the clock
frequency. Alternatively, using a shift-based Cordic algorithm for calculation would require many com-
putation cycles, leading to a decrease in data processing frequency.

Moreover, selecting only 𝐼𝑥 and 𝑄𝑥 results in a dramatic decrease in accuracy, even if the hidden
sizes is increased. Chapter result will show the results in detail. Therefore, in addition to the nor-
malized I and Q signals, this work also selects the square and fourth power of amplitude, which are
computationally simpler in hardware operations.

3.1.3. Data Quantization
As mentioned in the Chapter 2, quantization plays a crucial role in simplifying parameter storage and
computation. In this work, weights, biases as well as intermediate variables are quantized. This section
will elaborate on the conversion between floating-point and fixed-point numbers, and propose a method
for quantizing floating-point numbers to fixed-point numbers.

According to the IEEE-754 standard [22], the format of a 32-bit single-precision floating-point num-
ber consists of three parts, shown in Figure 3.4. The first part, the sign bit, is a single-bit number,
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Exponent FractionSign

31 30 23 22 0

1 bit 8 bits 23 bits

Figure 3.4: Format of 32-bit single-precision floating-point number

either 0 or 1, indicating a positive or negative sign of the number. The second part, the exponent, is an
8-bit binary number representing the magnitude of the number. The exponent uses the ’offset-binary’
representation, requiring subtraction of the bias during index calculation. The third part, the fraction,
represents the mantissa. The conversion formula of a floating-point number from binary to decimal for
a floating-point number is as follows:

𝑋𝑑𝑒𝑐𝑖𝑚𝑎𝑙 = (−1)𝑆 × 2𝐸−127 × (1 + 𝐹) (3.10)

Due to the complexity of floating-point numbers, their computation in hardware involves decoding,
arithmetic operations, alignment, and rounding, which are cumbersome and cannot meet the require-
ments of this design. Therefore, it is necessary to quantify the weights and biases of the neural net-
work in the software algorithm. Considering that the parameters of the floating-point model are signed
numbers with a symmetric distribution of positive and negative values, this paper chooses symmetric
quantization. Figure 3.5 shows the format of fixed-point number.

DecimalIntegerSign

1 bit m bits n bits

Figure 3.5: Format of fixed-point number

The format of fixed-point numbers also consists of three parts: the sign bit, the integer part, and
the fractional part. In the figure, m is determined by the range while n depends on the precision of the
number. Unlike floating-point numbers, the point is fixed in fixed-point numbers excluding an exponent
and mantissa. Therefore, in hardware circuits, addition or subtraction can be performed directly once
aligning the points. Compared to floating-point operations, many steps and circuit components are
omitted. The quantization formula for converting floating-point numbers to fixed-point numbers can be
represented as follows:

𝑠𝑐𝑎𝑙𝑒 = 2−𝑛 (3.11)

𝑋𝑚𝑖𝑛 = −2𝑚+𝑛
𝑋𝑚𝑎𝑥 = 2𝑚+𝑛 − 1

(3.12)

𝑥𝑓𝑙𝑜𝑜𝑟 = ⌊
𝑥

𝑠𝑐𝑎𝑙𝑒 ⌋ (3.13)

𝑄(𝑥, 𝑠𝑐𝑎𝑙𝑒) = 𝑚𝑖𝑛(𝑚𝑎𝑥(𝑥𝑓𝑙𝑜𝑜𝑟 , 𝑋𝑚𝑖𝑛), 𝑋𝑚𝑎𝑥) ∗ 𝑠𝑐𝑎𝑙𝑒 (3.14)

The key to the process is to right-shift the floating-point number to amplify it first, then round it, and
finally left-shift to scale it down. The size of the scale depends on the number of valid bits after points,
and the maximum and minimum values depend on the overall bit width. The floor function always
quantizes the original value towards the smaller direction.

For example, to convert the floating-point number 1.53546 to a fixed-point number with a precision
of 8 bits after the point and with an overall bit width of 9, the process is as follows:

• right shift: 1.53546 >> 8 => 1.53546/2−8 = 393.0776
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• floor: 393.0776 => 393

• clamp:𝑚𝑖𝑛(𝑚𝑎𝑥(393,−29), 29 − 1)=>393

• left shift: 393 << 8 => 393 × 2−8 = 1.53515625 = 10′𝑏01.1000_1001

Moreover, every intermediate variable in the hardware structure will be subjected to quantization and
rounding operations to save computational and storage units. The floor function is chosen to simplify
the rounding logic. This aspect will be analyzed in detail in the hardware implementation section.

3.1.4. Activation Function Optimization
As discussed in the previous chapter, implementing activation functions through LUTs on hardware is a
widely used method. The LUT method can be considered as a means of quantizing the output values
of the activation function.

For example, assume the precision for both input and output is 8 bits after the point, with an overall
bit width of 10. Given the input of 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) function is a fixed-point number 𝑥 = 00.0110_0110, the
corresponding output as a floating-point number is 0.5983121949. And the binary representation after
quantization is 00.1001_1001.

In the example, only one input value and its corresponding output are listed. For the entire 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥)
function, the size of the storage is significantly large, as depicted in Figure 3.6. The input serves as the
address, ranging from 00_0000_0000 to 11_1111_1111, while the output values are 10-bit data. The
storage size can be calculated with the following formula:

𝑆𝑡𝑜𝑟𝑎𝑔𝑒_𝑆𝑖𝑧𝑒 = 210 × 10 𝑏𝑖𝑡 (3.15)

Although the storage size seems acceptable, this design features a highly parallel hardware struc-
ture with very few model parameters. Using the LUTs method to quantize the activation function would
consume significant resources and power on it rather than other logic. LUTs method are implemented
in this work to serve as the baseline, and the results are presented in the next chapter. The paper
proposes a method to quantize the activation function using Hardsigmoid/Hardtanh functions.

00_0000_0000 00_0000_0001 00_1111_1111 01_0000_0000.   .   .

Address 11_0000_0000 11_0000_0001 00_1111_1111 01_0000_0000

Data

Figure 3.6: Storage of LUT method for sigmoid

In this work, we use the QAT quantization strategy for quantization, which primarily involves three
steps:

• Step one: Train a floating-point neural network to obtain a baseline model.

• Step two: Insert fake quantization nodes on the baseline model and retrain the model. To be
specific, this step involves quantization of weight, bias, and intermediate variables and retraining
the model based on the previously saved parameters.

• Step three: Quantize the new parameters saved in the second step. These parameters are used
for inference and need to be passed to the hardware.

In the second step, fake quantization nodes are inserted to retrain the model and fine-tune the
parameters. During training, the model experiences a loss of accuracy while maintaining the same
framework, and the parameters self-correct to approach or recover previous levels. Taking the simplest
network as an example, the formulas of forward propagation and backpropagation are as follows.
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𝛼 = 𝑊 ∗ 𝑥 + 𝑏
𝑦 = 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝛼)
𝛿 = 𝑧 − 𝑦

𝑊′ = 𝑊 − 𝜂 ∗ 𝑑𝛿𝑑𝑦
𝑑𝑦
𝑑𝛼

𝑑𝛼
𝑑𝑤 = 𝑊 + 𝜂 ∗ 𝑑𝑦𝑑𝛼𝑥

𝑏′ = 𝑏 − 𝜂 ∗ 𝑑𝛿𝑑𝑦
𝑑𝑦
𝑑𝛼
𝑑𝛼
𝑑𝑏 = 𝑏 + 𝜂 ∗

𝑑𝑦
𝑑𝛼

(3.16)

In forward propagation with quantized nodes, the quantized values (fixed-point) are used to calculate
the values of 𝛼, 𝑦, and loss function 𝛿. However, when performing backpropagation, the weights and
biases are updated with the use of the original values (floating-point). As a result, when 𝑑𝑦

𝑑𝑎 is very
small, or when x is very small, the updated weights and biases after one quantization may be the same
as the value of the previous quantization. This will cause the loss function to be almost unchanged. In
this case, the weight and bias of the calibration process may be blocked within a small range, making
it difficult to fine-tune towards the target value.

For the 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) and 𝑡𝑎𝑛ℎ(𝑥) functions, the derivative is maximum near 𝑥 = 0, and decreases
away from the coordinate origin. In the process of QAT, since the baseline has converged and the
LUT method constrains the original function within a small range, the precision loss after quantization
causes only slight shifts near the original point. Therefore, parameters are less sensitive to changes
during retraining. From a mathematical perspective, the quantization treats the activation function as a
black box during retraining, requiring a mapping that is sensitive to accuracy loss but involves minimal
hardware overhead and simple logic. Consequently, this paper uses linear functions, Hardsigmoid/
Hardtanh for internal mapping.

Given the similar characteristics of the derivatives of these two activation functions, this paper de-
rives the Hardsigmoid and Hardtanh functions based on the Taylor expansion of the activation function
at x=0. These functions must ensure the same output range as the original activation functions. The
output of 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) is mapped to (0,1), while the output of 𝑡𝑎𝑛ℎ(𝑥) is mapped to (-1,1). The paper’s
Hardsigmoid and Hardtanh functions are defined as follows:

𝑓′𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) =
𝑒−𝑥

(1 + 𝑒−𝑥)2
(3.17)

𝑓′𝑡𝑎𝑛ℎ(𝑥) =
4

(𝑒𝑥 + 𝑒−𝑥)2
(3.18)

𝐻𝑎𝑟𝑑𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) = {
1, 𝑥 > 2

𝑥
4 +

1
2 , −2 ⩽ 𝑥 ⩽ 2

0, 𝑥 < −2
(3.19)

𝐻𝑎𝑟𝑑𝑡𝑎𝑛ℎ(𝑥) = {
1, 𝑥 > 1
𝑥, −1 ⩽ 𝑥 ⩽ 1
0, 𝑥 < −1

(3.20)

Consider the example of 𝑠𝑖𝑔𝑚𝑜𝑖𝑑(𝑥) and its corresponding Hardsigmoid function, as shown in Fig-
ure 3.7. Assume that the quantization precision is 8 bits after the point. Then the loss of precision
causes the input to vary in the range of 2−8, Δ𝑥 in the figure. The change of the output value using the
LUT method is Δ𝑦2, while the change of the output value using the Hardsigmoid function is Δ𝑦1. The
gap between the two changes is significant and tends to decrease away from the origin.

This method increases the accuracy of the model compared to the LUTs method while simplifying
the hardware implementation of the activation function. The results will be discussed in the next chapter.

3.2. Hardware Implementation
This section provides a comprehensive overview of the hardware architecture, detailing the data flow
and the design of sub-modules. Through this detailed exploration, this work aims to present a robust
framework for hardware implementation that balances speed, resource utilization, and power consump-
tion.
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Comparison of Sigmoid Function Approximations and Quantization Effects

Figure 3.7: Comparison of sigmoid function approximations and quantization effects

3.2.1. Overview of Microarchitecture
The hardware design for the GRU-based DPD system consists of six main components: Feature Ex-
tractor, GRU Unit, FC Unit, 𝑋𝑊𝑒𝑖𝑔ℎ𝑡 Buffer, 𝐻𝑊𝑒𝑖𝑔ℎ𝑡 Buffer, and 𝐹𝐶𝑊𝑒𝑖𝑔ℎ𝑡 Buffer, as depicted in Fig-
ure 3.8. Thin arrows in the diagram represent single signal transmission, while thick arrows in the
diagram indicate multiple signal transmission. 𝑋𝑊𝑒𝑖𝑔ℎ𝑡 Buffer, 𝐻𝑊𝑒𝑖𝑔ℎ𝑡 Buffer, and 𝐿𝑖𝑛𝑒𝑎𝑟𝑊𝑒𝑖𝑔ℎ𝑡 Buffer
are used to store the parameters of the model. Given the small number of parameters in the GRU
neural network, these parameters are stored using sliced registers.

The Feature Extractor module acts as the entry point of the hardware design, processing the input
𝐼𝐼𝑁 and 𝑄𝐼𝑁 to extract and compute relevant features. These features are then sequentially outputted
to the GRU Unit. The core computational modules in this design are the GRU Unit and the FC Unit.

The GRU Unit comprises six primary components. The input MAC and Ht MAC array handle matrix
multiplication of 𝑥𝑡 and ℎ𝑡 respectively. These two modules operate in parallel and share address lines.
The Hidden State Buffer stores ℎ𝑡 values from the previous time step. The Sigmoid and Tanh modules
serve as activation functions, while the Update Ht module is responsible for updating ℎ𝑡 at the current
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time step.
When a feature is passed into the GRU Unit, the input MAC and Ht MAC are activated. Once the

matrix multiplication is completed, the Sigmoid module is enabled. The output from the Sigmoid module
is split into two parts: one part flows to the Update Ht module for updating the new ℎ𝑡, and the other part
flows to the Tanh module for updating 𝑛𝑡. After 𝑛𝑡 is computed, it is passed into the Update Ht module
to update the new ℎ𝑡. Once the current time step’s ℎ𝑡 update is finalized, the value is transmitted to the
FC Unit for computing 𝐼𝑂𝑈𝑇 and 𝑄𝑂𝑈𝑇. Concurrently, the GRU Unit initiates a new computation cycle.

This design efficiently integrates parallel processing and sequential updating, optimizing both re-
source usage and computational speed.
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Figure 3.8: Microarchitecture of DPD hardware design

3.2.2. Structure
Limited by the CPU architecture, in software, the GRU model calculations follow the sequence 𝑟𝑡,
𝑧𝑡, 𝑛𝑡, and finally ℎ𝑡. The first three involve matrix multiplications, and the subsequent ht update
combines multiplication and addition operations. Consequently, the latter calculations must wait for the
completion of the preceding modules, and its overall running time is the sum of these four parts, as
shown in Figure 3.9. Unlike software, hardware circuits are characterized by high parallelism, making
it unreasonable to deploy the hardware in the same sequential order.

For the same matrix, the calculation process involves traversing the elements of each row and
performing multiplication and addition operations with the corresponding elements of each column of
another matrix, repeating until the calculation of the last row is completed. The calculation of each row
in this process is independent. For different matrices of the same size, their calculations do not interfere
with each other, and when they start calculations synchronously, the addresses of the elements they
access each time are the same.

Based on this, the design operates matrix multiplications in parallel with shared address lines,
as shown in Figure 3.10. The number of cycles for matrix multiplication in this design depends on
𝑚𝑎𝑥(𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒, ℎ𝑖𝑑𝑑𝑒𝑛_𝑠𝑖𝑧𝑒). This design stores the weight matrix in a row-wise manner, and in
each cycle, the elements are accessed and flow into the 𝑀𝐴𝐶 module via shared address lines. The
lines in the figure stand for address lines. In the first cycle, the multipliers calculate from 𝑤00 ∗ 𝑥𝑎,
𝑤10 ∗ 𝑥𝑎 to 𝑤90 ∗ 𝑥𝑎, then next cycle repeats the process in column 2 until the row is traversed.
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Figure 3.9: Comparison of timeline executed on software and hardware
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Figure 3.10: Structure of matrix multiplication on hardware

There are 6 matrix multiplications in the GRU algorithm in total, namely𝑀𝑖𝑟,𝑀𝑖𝑧,𝑀𝑖𝑛 and𝑀ℎ𝑟,𝑀ℎ𝑧,
𝑀ℎ𝑛 separately. The first three are of the same size and share one address line, while others are of the
same size and share another address line. Therefore, without considering timing optimization, it takes
four cycles to complete the calculation of the first three, while the next three require 10 periods with the
configuration that the input size is 4 and the hidden state size is 10. Consequently, the bottleneck of
the system is the number of computation cycles, as illustrated in Figure 3.9.

To enhance performance, this design focuses on further enhancing the parallelism of the computa-
tions for the final three matrices. The 10 elements in a row are divided into three groups, with quantities
of 4, 4, and 2, respectively. Then the same address line is shared to calculate the six matrix multipli-
cations. For the last three matrices, three numbers are fetched from the register in the first two cycles,
completing the computation of slices with a capacity of 2 in the initial two cycles. In the subsequent
two cycles, two numbers are fetched from the register to complete the remaining slices computation,
as shown in Figure 3.11 and Figure 3.12. This optimization simplifies the control logic while introduces
an additional set of addends during accumulation. The trade-off of sacrificing a small amount of cir-
cuit overhead to save two cycles is highly worthwhile. Ultimately, the number of computation cycles is
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reduced from 𝑚𝑎𝑥(𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒, ℎ𝑖𝑑𝑑𝑒𝑛_𝑠𝑖𝑧𝑒) to 𝑚𝑖𝑛(𝑓𝑒𝑎𝑡𝑢𝑟𝑒_𝑠𝑖𝑧𝑒, ℎ𝑖𝑑𝑑𝑒𝑛_𝑠𝑖𝑧𝑒).
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Figure 3.11: Storage of matrix on hardware after optimization
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Figure 3.12: Structure of matrix multiplication on hardware after optimization

By improving the parallelism of matrix multiplication, the algorithm’s runtime cycles are significantly
reduced. Subsequently, the remaining computations of the GRU algorithm need to be efficiently allo-
cated. From the PyTorch GRU formula, it is evident that the update of 𝑛𝑡 depends on the update of
𝑟𝑡, and the update of ℎ𝑡 depends on the update of 𝑛𝑡. Furthermore, the matrix multiplication at the
next time step depends on the current ℎ𝑡. Thus, a full pipelined architecture is not feasible. Our design
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uses finite state machines to control the operation and switching of each module, utilizing an inter-layer
pipeline and retiming method for timing operation. The states are as follows:

• IDLE: The idle state indicates that no activity in the system. When there are no 𝐼 and 𝑄 inputs
entering the system, the entire system remains in this state.

• MAC: The MAC state indicates that the system is performing matrix multiplication calculations.

• SIGMOID: The sigmoid state indicates that the system is computing 𝑟𝑡 and 𝑧𝑡.
• TANH: The tanh state indicates that the system is computing 𝑛𝑡.
• UPDATE_Ht: The update_ht state indicates that updating the ℎ𝑡 of current time step.
The finite state machines provide a coarse partitioning of the algorithm and hardware structure.

However, due to the numerous operations such as truncation, multiplication, and addition, the distribu-
tion of these operations in the state machine is crucial for timing optimization. This design introduces an
inter-layer pipeline to address local timing issues within regions. Unlike full pipeline, inter-layer pipeline
increases the number of data processing cycles for the entire system. The MAC module consists of
a 12-bit multiplier, a 28-bit adder, and truncation, forming a long carry chain. So a register is inserted
between the multiplier and adder, as illustrated in Figure 3.13.
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Figure 3.13: Structure of inter-layer pipeline

In a digital circuit system, the clock period is determined by the critical path, which is the longest
combination logic circuit. Therefore, to increase the clock frequency, it is necessary to evenly distribute
the circuit structure between registers while maintaining the algorithm structure. This design applies
the retiming method. Truncation operations occur almost everywhere after each computation, and the
placement of truncation operations in different states significant impact timing.

To illustrate, consider a 20-bit multiplication followed by a 20-bit addition. After multiplication, the 40-
bit result is truncated to 20 bits, and after addition, the 21-bit result is truncated to 16 bits, completed
in two cycles. In one design, both the multiplication and its corresponding truncation are computed
in one cycle, with addition and its truncation in the second cycle. Due to the higher complexity of
multiplication, the critical path is determined by multiplication and truncation. However, if the truncation
after multiplication is placed in the second cycle, the critical path only depends on the multiplier. The
retiming result of this design is illustrated in the Figure 3.14.
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Figure 3.14: Structure of hardware design with inter-layer pipeline and retiming

For the fully connected matrix multiplication, its computational logic is identical to that of the GRU
matrix multiplication. Therefore, it shares address lines and control logic with the GRU matrix multipli-
cation and begins computation after the first ℎ𝑡 update.

In this system, a multiply-accumulate (MAC) unit is defined as a processing element (PE). The
hardware system needs 158 PEs in total. The number of PES in each module is shown in the Table 3.1.
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Module Feature Extractor MAC_GRU nt ht MAC_FC
Number 2 120 10 20 6

Table 3.1: Numbers of PEs in each module

3.2.3. Data Stream
In contrast to software calculations, implementing binary calculations on hardware requires considera-
tion of bit width and overflow judgment in addition to designing the calculation logic.

In hardware circuits, signed numbers are stored using 2’s complement, which allows binary subtrac-
tion operations to be simplified into addition operations, streamlining the hardware design. Therefore,
in this design, the input signals 𝐼 and 𝑄 are fed into the system in 2’s complement form, and weight and
bias are also stored in the register in this form.

For an n-bit signed binary number, the range is ( −2𝑛−1, 2𝑛−1−1 ). When adding two signed binary
numbers, the result’s bit width is one bit wider than the addends. For the addition of m n-bit signed
binary numbers, the result’s bit width can be calculated by the following formula, ensuring no overflow:

𝐵𝑖𝑡𝑤𝑖𝑑𝑡ℎ = ⌈log2𝑚(2𝑛 − 1)⌉ (3.21)

Similar to binary addition, binary multiplication expands the bit width of the result. In the GRU
algorithm, multiple multipliers are cascaded. Without truncation, the bit width can expand excessively,
wasting hardware resources. For example, when two binary numbers with an effective precision of 8
bits after the point are multiplied, the effective precision of the product result is 16 bits after the decimal
point. The value after the effective digit has a minimal impact on the accuracy of the quantization model.

When optimizing adders and multipliers, the primary considerations are resource usage and critical
paths. Optimization can be approached in two ways: structural optimization (e.g., Carry-lookahead
adders, Bypass adders, Wallace tree multipliers) and logic chain optimization. The former involves
selecting efficient structures, often handled by synthesis tools. The latter involves splitting the logic
chain and increasing clock frequency at the cost of longer processing cycles. For example, a 12-bit
addition might operate at 500 MHz in a single cycle, but using a split method, the same operation could
achieve 700 MHz over two cycles.

101100.0011001101 101

valid part truncated part

Figure 3.15: Clamp format

This design uses the 𝑓𝑙𝑜𝑜𝑟 approximation method to clamp the intermediate results. Compared
to the 𝑟𝑜𝑢𝑛𝑑 method, the 𝑓𝑙𝑜𝑜𝑟 method is hardware-friendly. The binary number needs to be divided
into two parts based on the precision, as shown in Figure 3.15. For the 𝑟𝑜𝑢𝑛𝑑 method, the process
consists of two steps:

• Step 1: Determine whether to carry based on the highest bit of the truncated part

• Step 2: Processing the valid part: If a carry is needed, add 1 to the valid part and check for
overflow. Otherwise, use the valid part’s value as the output.

In contrast, the 𝑓𝑙𝑜𝑜𝑟 method retains the valid part without other operations (comparison, addition,
and overflow judgment). This can save resources and optimize critical path in the hardware circuit.

According to the software results, this design set the bit width of 𝑖 and 𝑞 signals, as well as weights
and biases, to 12 bits in the format 𝑄2.10, with a hidden_size of 10. In the𝑀𝐴𝐶 module, the bit width is
set to 16 bits to store the matrix multiplication result in the format 𝑄6.10. The 𝑄6.10 format represents
decimal numbers in the range of (0, 63). Obviously, there will be no overflow over this range in the
normalized DPD system.
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Figure 3.16: Overall dataflow of hardware design

To design a high-performance DPD hardware implementation capable of processing high-frequency
signals, addition and multiplication in this design are completed in one cycle respectively. The entire
data flow of the hardware system is shown in the Figure 3.16.

3.2.4. Feature Extractor
The feature extractor module, illustrated in Figure 3.17, is designed to convert the synchronized I and
Q signals input into four feature signals: the original 𝐼 and 𝑄, as well as the computed 𝐼2 + 𝑄2 and
(𝐼2 + 𝑄2)2. This module outputs one feature per clock cycle over a span of four cycles.

Feature
Extractor

clk
enable
rst_n
signal_I

output

signal_Q

Figure 3.17: Feature extractor block diagram

Based on the functions and computational characteristics of this module, we split the computation
of features to enhance the usage of data and circuits and employ a finite-state machine to control the
output. The arithmetic unit for 𝐼2 + 𝑄2 comprises two high-order multipliers and one high-order adder.
Considering that the output of this feature is scheduled for the third cycle, the module distributes the
calculation over the first two cycles. In the first cycle, 𝐼2 and 𝑄2 are computed separately. In the second
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cycle, the sum of these two products is calculated. The output of (𝐼2 +𝑄2)2 is scheduled for the fourth
cycle, and its computation is based on the already computed 𝐼2 +𝑄2. Therefore, the module performs
the exponentiation of 𝐼2 + 𝑄2 in the third cycle.

This design effectively balances the system’s operating frequency and resource utilization. The
operation and output in different cycles are summarized in Table 3.2.

Cycle 1 2 3 4
Operation 𝐼2 , 𝑄2 𝐼2 + 𝑄2 (𝐼2 + 𝑄2)2

Output 𝐼 𝑄 𝐼2 + 𝑄2 (𝐼2 + 𝑄2)2

Table 3.2: Operation and output of each cycle of feature extractor module

3.2.5. Activation Function
The sigmoid and tanh modules are responsible for activating signals, and their hardware implementa-
tion are similar.

Truncation Optimization
The activation function module’s first challenge is truncation. Similar to how the bit width of multipliers
affects timing and area, wide comparators increase hardware area and reduce system clock frequency.
This is also one reason why look-up tables are not used to implement activation functions. Therefore,
this module optimizes the truncation first.

For the sigmoid function, the input is a 16-bit 𝑄6.10 format, which needs to be constrained to the
range of -2 to 2, resulting in a 𝑄2.10 format. For the tanh function, the input is a 13-bit 𝑄3.10 format,
which needs to be constrained within the range of -1 to 1, also resulting in a 𝑄2.10 format.

To determine whether the input value is not less than 2 or not greater than -2, only the integer part
needs to be compared. The input value can be split into two parts: 𝑉𝑎𝑙𝑢𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 and 𝑉𝑎𝑙𝑢𝑒𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 .

𝑉𝑎𝑙𝑢𝑒 = 𝑉𝑎𝑙𝑢𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 + 𝑉𝑎𝑙𝑢𝑒𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 (3.22)

Here, 𝑉𝑎𝑙𝑢𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 can be a positive or negative number with a precision of 1, such as 0, 1, 2, -1,
-2, etc, while 𝑉𝑎𝑙𝑢𝑒𝑓𝑟𝑎𝑐𝑡𝑖𝑜𝑛 is a number between 0 and 1, representing the fractional part.

• When 𝑉𝑎𝑙𝑢𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 is greater than 1, it indicates that the original input is a number greater than
or equal to 2, then this input is truncated to 12’b01.1111_1111_11.

• When 𝑉𝑎𝑙𝑢𝑒𝑖𝑛𝑡𝑒𝑔𝑒𝑟 is smaller than -2, it indicates that the original input is a number less than -2,
and this input is truncated to 12’b10.0000_0000_00.

This optimization reduces a 16-bit comparator to a 6-bit comparator.

Hardsigmoid and Hardtanh Implementation
The second part of implementation in the modules is the Hardsigmoid/Hardtanh function. The difficulty
of hardware implementation was considered when designing the linear function in software. In the
hardware circuit, a simple shift operation can represent operation×2𝑛. For the sigmoid function, defined
as 𝑠𝑖𝑔𝑚𝑜𝑖𝑑 = 𝑥

4 +
1
2 , the simplified calculation process is as follows :

• Right shift and truncation: Shift the input value to the right by two bits, discarding the lower two
bits.

• Addition: There are two possible cases for the first three bits of the result after the right shift.

* Case1: The original input is a positive number, and the first three bits after the shift are
3’b00.0. Adding 3’b00.1 (0.5) to this result yields 3’b00.1.

* Case2: The original input is a negative number, and the first three bits after the shift are
3’b1.11. Adding 00.1 (0.5) to this result yields 3’b00.0 (overflow is ignored because the
output range is (0,1)).



3.2. Hardware Implementation 33

Therefore, the optimized logic can be expressed by the following formula:

𝑑𝑎𝑡𝑎𝑜𝑢𝑡 = {00, 𝐼𝑛[𝑤𝑖𝑑𝑡ℎ − 1], 𝐼𝑛[𝑤𝑖𝑑𝑡ℎ − 2 ∶ 2]} (3.23)

𝐼𝑛 is the 12-bit signal. [𝑤𝑖𝑑𝑡ℎ − 2 ∶ 2] means truncating input signal from the 3rd lower bit to the
11th lower bit. 𝐼𝑛[𝑤𝑖𝑑𝑡ℎ − 1] means doing not operation of the highest bit of 𝐼𝑛 signal.





4
Results

4.1. Experimental Setup
4.1.1. Software Design Setup
The training for the experiment was conducted on an NVIDIA RTX 2050 Laptop GPU, utilizing the
ADAMW optimizer for 100 epochs for the floating-point model and 120 epochs for QAT quantization
strategy. The 𝑅𝑒𝑑𝑢𝑐𝑒𝐿𝑅𝑂𝑛𝑃𝑙𝑎𝑡𝑒𝑎𝑢 scheduler was employed, starting with an initial learning rate of 1
× 10−3. The batch size was set to 64, with a frame length of 50 and a stride of 1.

The 200 MHz dataset from OpenDPD was used in this experiment. It was partitioned into three
subsets: 60% for training, 20% for validation, and 20% for testing.

The basic framework of this design consists of a GRU neural network and a fully connected neural
network. The GRU neural network is configured with an input feature size of 4, a hidden size of 10,
and a single hidden layer. The total number of parameters in the network is 502.

4.1.2. Hardware Design Setup
Considering the complexity of the ASIC design process, including the time-consuming and intricate
stages of simulation, synthesis, and place and route, using FPGA offers advantages due to its re-
programmability. To enhance efficiency, this experiment employs FPGA for functional simulation and
timing synthesis during the hardware structure optimization phase. Once the hardware structure design
is finalized, functional simulation, gate-level simulation, and post-layout simulation, as well as place and
route, are performed on the ASIC.

The platform this work utilized is Vivado 2022.2. For the FPGA simulation on Vivado, the chip
used is xc7z020clg400-1, which contains abundant resources to meet the design requirements. The
available resources of this chip are shown in Table 4.1.

Slice LUTs Slice Registers Slice LUT as Logic DSP
Available 53200 106400 13300 53200 220

Table 4.1: Available on-board resources of FPGA

For ASIC, this work uses Cadence Genus to synthesize the RTL design, Xcelium to simulate the
design, and Innovus to place and route the design.

Both ASIC and FPGA front-end designs are developed using Verilog HDL, though they differ in
synthesis and routing methodologies. In ASIC design, synthesis converts Verilog code into gate-level
circuits, followed by routing these logic gates. In contrast, FPGA uses LUTs as the basic logic units.
During FPGA synthesis, Verilog code is transformed into LUTs, which can cause some discrepancies
in critical path analysis between the two platforms.

In hardware circuit design, PPA (Power, Performance, and Area) are crucial metrics for evaluating
the quality of the design, defined as follows:

35
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• Performance: Performance in hardware circuit design evaluates the functionality of the circuit,
including metrics such as clock frequency, data processing cycles, throughput, and accuracy.

• Power: Power measures the amount of electrical energy consumed by the circuit during opera-
tion. Due to the structure of the FPGA, power estimation is not precise and can only serve as a
reference.

• Area: The area evaluates the size of the hardware designs. One of the objectives of this study
is to design a compact hardware circuit structure. On FPGA, the number of LUT represents area
size, while on ASIC, the area is the number of physical areas.

4.2. Software
The software results dictate the selection of hardware parameters, including feature size, hidden size,
and precision bits. In the software, this work first compared the accuracy variations under different
feature selections and hidden size settings of the float model. Based on these results, the hardware
configuration, feature size, and hidden size were determined. Subsequently, the software quantized
the inputs and parameters of the float model to different precisions and quantized the activation function
using the LUT method. These results informed the determination of the bit width for the LUT method
(baseline) in the hardware design. Finally, the software further quantized the float model to different
precisions and used Hardsimoid/Hardtanh to quantize the activation function. The bit width of output
of the Hardsimoid/Hardtanh was determined based on the accuracy of the results.

4.2.1. Floating-point Model
In this section, the paper compares the output accuracy for different feature combinations and hidden
sizes: I and Q, I and Q with square of amplitude, and I and Q with square and fourth power of amplitude.

From Table 4.2, It can be observed that when the selected feature extraction includes only I and Q,
the accuracy improvement is minimal, even with an increased hidden size and model parameters. In
this scenario, the bottleneck lies in the limited features. When three features are selected, the ACPR of
the model approaches close to -50 only when the parameters are very large, which results in significant
hardware overhead and is not cost-effective. Conversely, when four features are selected, the ACPR
increases gradually with the growth of the hidden size.

To balance the number of parameters with accuracy, this work makes a compromise to employ a
GRU network model with a feature extraction of four, namely I, Q, |𝑥|2, |𝑥|4, and a hidden size of 10
for DPD applications.

Feature Hidden Size VAL-NMSE (dB) VAL-EVM (dB) VAL-ACPR (dBc) TEST-NMSE (dB) TEST-EVM (dB) TEST-ACPR (dBc) Parameter

I,Q 10 -33.15 -35.48 -44.08 -32.87 -35.65 -43.87 442

I,Q 12 -39.76 -42.38 -45.37 -39.76 -42.45 -44.47 602

I,Q 14 -39.92 -42.85 -46.23 -39.96 -42.98 -45.20 786

I,Q,|x|2 10 -34.26 -36.43 -45.42 -33.95 -36.61 -44.33 472

I,Q,|x|2 12 -43.76 -46.95 -49.70 -43.66 -46.91 -49.56 638

I,Q,|x|2,|x|4 8 -43.60 -46.77 -49.51 -43.57 -46.32 -49.62 354

I,Q,|x|2,|x|4 10 -43.95 -46.93 -50.20 -43.91 -46.70 -49.58 502

I,Q,|x|2,|x|4 12 -44.44 -47.85 -51.37 -44.71 -48.01 -51.38 674

Table 4.2: Performance of GRU-based DPD with various feature sets and hidden sizes

4.2.2. Quantization Model
Quantization with Lookup Tables Method
Once the configuration of GRU neural network is determined, this work quantizes the inputs and pa-
rameters and uses the LUT method to quantize the activation functions, sigmoid and tanh, based on
the floating-point models from the previous section.

As shown in Table 4.3, the precision of input data, parameters, and LUTs significantly impacts the
performance metrics. When the precision of input data and parameters exceeds that of the LUTs, the
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ACPR visibly increases with higher LUTs’ precision, indicating that the bottleneck is the LUTs’ precision.
Conversely, when the precision of input data and parameters is lower than the LUTs’ precision, the
ACPR remains almost unchanged, suggesting that the bottleneck is the precision of the input data and
parameters.

In the LUTs method, the bit-width selection strategy aims to choose larger bit-widths for inputs and
weights while keeping the bit-width of the LUTs smaller, ensuring the ACPR degradation remains within
1 dBc relative to the floating-point model (50.2dBc/49.58dBc). Therefore, in the hardware LUT method
(baseline), the data formats are Q2.14 for I, Q signals, Q2.7 for Sigmoid, and Q2.8 for Tanh.

Weight LUT VAL-NMSE (dB) VAL-EVM (dB) VAL-ACPR (dBc) TEST-NMSE (dB) TEST-EVM (dB) TEST-ACPR (dBc)

Q2.9 Q2.10 -40.34 -44.02 -46.91 -40.15 -43.64 -46.14

Q2.9 Q2.11 -39.33 -43.68 -47.26 -39.29 -43.39 -46.72

Q2.9 Q2.12 -38.47 -43.47 -47.24 -38.59 -43.33 -46.51

Q2.10 Q2.7 -32.11 -37.32 -39.08 -32.33 -37.59 -39.15

Q2.10 Q2.8 -35.91 -40.72 -43.43 -36.19 -41.08 -42.87

Q2.10 Q2.9 -39.50 -44.19 -46.40 -39.53 -43.92 -45.98

Q2.10 Q2.10 -41.50 -45.21 -47.86 -41.53 -45.05 -47.61

Q2.10 Q2.11 -42.65 -46.02 -48.74 -42.59 -45.84 -48.36

Q2.10 Q2.12 -42.22 -45.68 -48.74 -42.34 -45.78 -48.44

Q2.14 Q2.7 -41.50 -45.08 -48.12 -41.46 -45.12 -47.76

Q2.14
Sigmoid:Q2.7

Tanh:Q2.8
-42.92 -46.47 -49.42 -42.91 -46.65 -48.84

Q2.14 Q2.8 -43.05 -46.54 -49.69 -43.10 -46.69 -48.77

Table 4.3: Performance of GRU-based DPD with different precision using LUT method

Quantization with Hardsimoid/Hardtanh Function
Due to the imbalanced resource distribution of hardware design implementing the activation function
using the LUT method, this paper proposes a new method in which the activation function is quantized
by Hardsimoid/Hardtanh.

As shown in Table 4.4, When the quantization precision is more than 10 bits, the reduction of ACPR
is negligible compared with that of the floating-point model, and in some cases, the performance can
even surpass that of the floating-point model. This work selects a precision of 10 bits after point for
both weight and the Hardsimoid/Hardtanh function as the configuration for the hardware data stream.

Weight Activation Function VAL-NMSE (dB) VAL-EVM (dB) VAL-ACPR (dBc) TEST-NMSE (dB) TEST-EVM (dB) TEST-ACPR (dBc)

Q2.9 Q2.10 -41.16 -45.15 -48.45 -41.07 -44.83 -47.82

Q2.9 Q2.11 -41.33 -45.69 -49.09 -41.47 -45.38 -48.68

Q2.9 Q2.12 -38.29 -44.99 -48.77 -38.44 -44.73 -48.30

Q2.10 Q2.7 -33.06 -38.61 -40.09 -33.21 -38.69 -39.96

Q2.10 Q2.8 -37.33 -42.47 -44.59 -37.38 -42.33 -44.44

Q2.10 Q2.9 -40.14 -45.04 -47.30 -40.12 -44.73 -46.88

Q2.10 Q2.10 -42.44 -46.44 -49.42 -42.23 -45.93 -48.74

Q2.10 Q2.11 -42.14 -46.55 -50.10 -42.00 -46.16 -49.34

Q2.10 Q2.12 -43.59 -47.05 -50.16 -43.42 -46.60 -49.60

Q2.11 Q2.10 -42.36 -46.82 -49.83 -42.29 -46.35 -48.73

Q2.11 Q2.11 -43.97 -47.66 -50.49 -43.79 -47.25 -50.30

Table 4.4: Performance of GRU-based DPD with different precision using Hardsimoid/Hardtanh Function
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Summary
Comparing the experimental results of the model using LUT method in Table 4.3 and the Hardsi-
moid/Hardtanh function in Table 4.4, as well as the bar chart shown in Figure 4.1, It can be concluded
that under the same precision, the accuracy of the Hardsimoid/Hardtanh function is much higher than
that of the LUT method, among which the difference of ACPR can be 1-2 dBc. When ACPR is almost
the same, the Hardsimoid/Hardtanh function can quantize the floating point number to a lower bit width.
For example, the accuracy of the model using the Hardsimoid/Hardtanh function with a weight format
of Q2.9 and a Hardsimoid/Hardtanh format of Q2.11 is almost the same as that of the model using the
LUT method with a weight format of Q2.10 and a lut format of Q2.12. From the perspective of hard-
ware design, the use of the Hardsimoid/Hardtanh function can save hardware resources and reduce
chip area while maintaining accuracy.
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Figure 4.1: Comparison of results of LUT method and Hardsimoid/Hardtanh function at different precision

4.3. Hardware
Hardware implementation is divided into two stages. The first stage, the optimization phase, involves
optimizing the hardware area as the primary step, followed by timing, and finally, operational cycles.
The hardware design of this stage is implemented on the FPGA platform, where an analysis and com-
parison of area and power consumption are performed. The second stage is to perform the optimized
hardware design on ASIC. In this stage, the experiment evaluates various aspects, including power
consumption, area, timing, and throughput.

4.3.1. FPGA
In this section, the paper first implements a model using LUTs method for the activation function. To
address the issue of excessive area, the Hardsimoid/Hardtanh function is employed for the activation
function to optimize the hardware circuit. After resolving the area issue, the hardware circuit is further
optimized by increasing the parallelism of matrix multiplication to address timing issues and reduce the
operational cycles. The bit weight in hardware design is determined by software experimental results.
The synthesis adopts strategy ’Flow_PerfThresholdCarry’ and the implementation adopts strategy ’Vi-
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vado Implementation Defaults’.

LUT Method
Based on the result of the software, the hardware is configured with parameters with a precision of
14 bits after point and the output of sigmoid and tanh with a precision of 8 bits and 7 bits after point,
separately. The device diagram of hardware design using LUTMethod is shown in Figure 4.2. Because
the number of LUTs for Sigmoid and Tanh is extremely huge and the computation of the design is in
high parallelism that 20 Sigmoid modules and 10 Tanh modules are instanced simultaneously, even
this neural network with small parameters take up about half of resources in hardware implementation.

Figure 4.2: Device diagram of hardware design using LUT method

To be specific, Table 4.5 illustrates the resource consumption and distribution for each module.
The majority of the slice LUT consumption is attributed to the implementation of the LUTs of activation
functions, while the resources allocated for MAC and other neural network operations account for only
about one-quarter of the used resources. Notably, almost all the mux resources are utilized for the
sigmoid LUT and tanh LUT. From an area perspective, this resource allocation is highly inefficient for
the hardware accelerator design of this small GRU network. The activation function, which constitutes
a very small part of the algorithm, incurs three times the hardware overhead of MAC and all other op-
erations, including multiplication, addition, and truncation. The main bottleneck in the hardware design
lies in the implementation of the activation function. Therefore, this paper proposes using the Hard-
simoid/Hardtanh function to quantize the activation function. In a hardware-software co-design, the
optimization process should verify the accuracy at first in software, followed by hardware implementa-
tion.

Slice LUTs Slice Registers F7 Muxes F8 Muxes Slice LUT as Logic DSP

Available 53200 106400 26600 13300 13300 53200 220

Sigmoid LUT 6598(32.2%) 140(3.5%) 502(28.2%) 82(57.7%) 1936(34.4%) 6598(32.2%) 0

Tanh LUT 8461(41.2%) 250(6.3%) 1260(70.9%) 60(42.3%) 2328(41.4%) 8461(41.2%) 0

MAC and Other Ops 5463(26.6%) 3579(90.2%) 16(0.9%) 0 1358(24.2%) 5463(26.6%) 85(100%)

Used Totally 20522 3969 1778 142 5622 20522 85

Table 4.5: Hardware utilization of design using LUT method

Table 4.6 and Table 4.7 illustrates the power consumption distribution. Similar to the resource
allocation, the power consumed by the activation function exceeds that of MAC and all other operations
combined. So the majority of energy is consumed by sigmoid LUT and tanh LUT.

In timing analysis, due to the constraints of the FPGA chip, the clock frequency cannot reach a
very high frequency. Therefore, the timing analysis here focuses on the critical path, while the clock
frequency serves as a reference. In this design, the clock period is set to 11ns. However, there is still
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Static Dynamic Total
Power (W) 0.112 0.472 0.584

Percentage 19.2% 80.8% 100%

Table 4.6: Power consumption of design using LUT method

Sigmoid Tanh MAC and Other Ops Dynamic
Power (W) 0.213 0.057 0.202 0.472

Percentage 45.1% 12.1% 42.8% 100%

Table 4.7: Distribution of dynamic power consumption of design using LUT method

a timing violation -0.322ns. And as it is shown in Figure 4.3, the critical path is primarily located in the
Tanh module.

Figure 4.3: Critical path of hardware design using LUT method

Hardsimoid/Hardtanh Function
Based on the result of the software, the hardware is configured with a parameter with a precision of 10
bits after the point and the intermediate variable with a precision of 10 bits after the point. The device
diagram of hardware design with the Hardsimoid/Hardtanh function is shown in Figure 4.4. The device
diagram appears less congested compared to before, indicating a significant reduction in hardware
resource usage.

Table 4.8 illustrates the resource utilization of each module. Comparing Table 4.5 and Table 4.8,
it is obvious that the allocation of resources to the activation functions decreases dramatically. The
number of Slice LUTs of Sigmoid decreases from 6598 to 350 while that of Tanh decreases from 8461
to 240. The significant reductions have resulted in almost 18.85x and 35.25x saving of hardware
resources. Meanwhile, it also mitigates the issue of excessive mux usage due to longer address lines
and wider data bit widths. Moreover, as a neural network accelerator, its resource allocation is highly
balanced, where the majority of resources are allocated for parameter storage and computation. And
the reduction in area will lead to a decrease in power consumption and an improvement in timing.

Due to the very low power consumption in the Sigmoid and Tanh modules, Vivado statistics show
the figure is less than 1% of the total power. Table 4.9 lists their dynamic power, static power, and overall
power. By comparing Table 4.6 and Table 4.9, it can be concluded that optimizing the activation function
with the Hardsimoid/Hardtanh function has significantly reduced the corresponding power consumption
to negligible levels.

In timing analysis, the replacement of the long-bit comparators with shift operations will shorten the
critical path, leading to a noticeable increase in clock frequency. In this design, the clock period is set
to 7ns, and there is no timing violation, with WNS, 0.017ns.
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Figure 4.4: Device diagram of hardware design using Hardsimoid/Hardtanh function

Slice LUTs Slice Registers F7 Muxes F8 Muxes Slice LUT as Logic DSP

Available 53200 106400 26600 13300 13300 53200 220

Sigmoid LUT 350(6.4%) 200(6.3%) 0 0 105(6.4%) 350(6.5%) 0

Tanh LUT 240(4.4%) 120(3.8%) 0 0 82(5.0%) 240(4.5%) 0

Other Ops 4849(89.2%) 2836(89.9%) 12(100%) 0 1452(88.6%) 4849(89.0%) 95(100%)

Used Totally 5439 3156 12 0 1639 5349 95

Table 4.8: Hardware utilization of design using Hardsimoid/Hardtanh function

Increase Parallelism and Retiming
As mentioned in the methodology chapter, in order to increase the data-processing frequency, the final
optimization of this design is to further parallel the matrix multiplication, with a total of eight cycles to
process a pair of I and Q signals. The device diagram is shown in Figure 4.5.

Figure 4.5: Device diagram of hardware design with increased parallelism and retiming

After optimizing the activation function, the hardware circuit consumes significantly fewer resources.
To reduce the computation cycles, a space-for-time strategy is adopted, which will increase the hard-
ware resources used. Table 4.10 shows the resource allocation for hardware design with increased

Static Dynamic Total
Power (W) 0.107 0.224 0.331

Percentage 32% 68% 100%

Table 4.9: Power consumption of design using Hardsimoid/Hardtanh function
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parallelism.

Slice LUTs Slice Registers Slice LUT as Logic DSP
Available 53200 106400 13300 53200 220

Sigmoid LUT 566(8.4%) 200(7.1%) 212(9.5%) 566(8.4%) 0

Tanh LUT 216(3.2%) 120(4.2%) 82(3.7%) 216(3.2%) 0

MAC and Other Ops 5985(88.4%) 2506(88.7%) 1929(86.8%) 5985(88.4%) 159(100%)

Used Totally 6767 2826 2223 6767 159

Table 4.10: Hardware utilization of design with retiming

The increase in resource consumption and computational parallelism will also lead to higher power
consumption, as shown in Table 4.11.

Static Dynamic Total

Power(W) 0.110 0.410 0.520

Percentage 21% 79% 100%

Table 4.11: Power consumption of hardware design with retiming

In timing analysis, the clock period is set to 8.3ns, and WNS is -0.073ns. As mentioned before, the
timing analysis on the FPGA is only a reference to see whether the circuit optimization is effective in
increasing the data processing frequency. The clock period will be reset on the ASIC platform.

Summary
After two rounds of optimization, the hardware design exhibits a dramatic decrease in resource con-
sumption while ensuring favorable timing. And increasing parallelism will lead to the higher power
consumption. These trends are illustrated in Table 4.12 and Table 4.13. Specifically, when activation
function implementation changes to the Hardsimoid/Hardtanh function, the sigmoid module, tanh mod-
ule, and overall system resource utilization achieved savings of 18.85X, 35.25X, and 3.77X, respec-
tively, compared to the LUT method (baseline). Based upon this optimization, additional parallelism
and retiming yielded savings of 11.66X, 39.17X, and 3.03X for the sigmoid module, tanh module, and
overall system resource utilization, respectively, relative to the LUT method (baseline).

Optimization Strategies
Slice LUTs Reduction

Sigmoid Tanh Total Sigmoid Tanh Total

LUT Method (Baseline) 6598 8461 20522 1x 1x 1x

Hardsigmoid/Hardtanh Function 350 240 5439 18.85x 35.25x 3.77x

Parallel and Retiming 566 216 6767 11.66x 39.17x 3.03x

Table 4.12: Comparison of resources consumption of baseline and two optimizations

4.3.2. ASIC
On the ASIC platform, this work focuses on evaluating the performance of the hardware design. And
this design utilizes the optimized code from FPGA and then does simulation, synthesis, and place and
route.

Performance
This design can achieve very high frequencies on the ASIC platform. In this experiment, the clock
period is set to 0.5ns, which means the clock frequency is 2GHz. And there are no timing violations
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Optimization Strategies
Power (W)

Sigmoid Tanh Total

LUT Method (Baseline) 0.213 0.057 0.472

Hardsigmoid/Hardtanh Function <1% <1% 0.331

Parallel and Retiming <1% <1% 0.520
∗ note: <1% means the figure is less than 1% of the total power consumption

Table 4.13: Comparison of power consumption of baseline and two optimizations

during synthesis and routing. Therefore, with 8 cycles processing a pair of I and Q signals, the data
processing frequency can be calculated as follows:

𝑓𝑑𝑎𝑡𝑎 =
𝑓𝑐𝑙𝑘
𝑐𝑦𝑐𝑙𝑒𝑠 =

2𝐺𝐻𝑧
8 = 250𝑀𝐻𝑧 (4.1)

Due to the Nyquist theorem and the issue of frequency band leakage, the sampling frequency needs
to be 3-4 times the data frequency for processing a signal [44]. Therefore, this hardware design can
handle wireless communication signals with frequencies up to 70MHz.

According to the design outlined in the methodology chapter, the fully-connected computation is
delayed by one data processing cycle of the GRU, 8 clock cycles. Combined with the overhead, the
input-output latency is 15 cycles, or 7.5ns. And the layout is shown in Figure 4.6.

Table 4.14 lists the frequency, latency, power consumption, and area of this design. Table 4.15
illustrates the power consumption of three components, internal power, switching power, and leakage
power. Table 4.16 illustrates the accuracy of DPD on hardware and software.

Frequency (GHz) Processing Cycles Latency (ns) Post-Layout Power (mW) Area (mm2)

2.0 8 7.5 194.726 0.047

Table 4.14: Performance summary of GRU-based DPD chip

Internal Power (mW) Switching Power (mW) Leakage Power (mW) Total Power (mW)

Number 105.044 81.529 8.153 194.726

Percentage 53.94% 41.87% 4.19% 100%

Table 4.15: Distribution of power consumption of Post-Layout

Data Type Params/Units TEST-NMSE (dB) TEST-EVM (dB) TEST-ACPR (dBc)

Software 32-bit floating-point 502 -43.91 -46.70 -49.58

Hardware 10-bit fixed-point 158 -42.79 -46.05 -49.48

Table 4.16: Comparison of performance between FP32 model on software and quantized model on hardware

Throughput
Throughput refers to the number of tasks that a system can process or the amount of data that it can
transmit per unit of time. In terms of evaluation of neural networks, throughput typically refers to the
number of multiplication and accumulation (MAC) operations performed per unit of time, measured in
operations per second (Op/s). And 2 operations are performed in 1 MAC operation. In the hardware
design of DPD applying the GRU neural network, the number of operations for a part of the I and Q
signal primarily consists of three parts, as shown below:

𝑂𝑝𝑠𝑡𝑜𝑡𝑎𝑙 = 𝑂𝑝𝑠𝐹𝑒𝑎𝑡𝑢𝑟𝑒 + 𝑂𝑝𝑠𝐺𝑅𝑈 + 𝑂𝑝𝑠𝐿𝑖𝑛𝑒𝑎𝑟 (4.2)
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The number of operations for the feature is 4, which includes three multiplications and one addition.
The number of operations for the GRU is 980, consisting of four parts:
• rt: 10×4+10×10 MAC operations, 10+10 bias additions, and 10 additions for combining two matrix
multiplication results.

• zt: 10×4+10×10MAC operations, 10+10 bias additions, and 10 additions for combining twomatrix
multiplication results.

• nt: 10×4+10×10 MAC operations, 10+10 bias additions, 10 multiplications of rt with the matrix
result, and 10 additions for combining two matrix multiplication results.

• ht: 20 multiplication operations and 20 addition operations.
The fully connected layer has 42 operations, including 2 times 10 MAC operations and 2 bias addi-

tions. As a result, the total number of operations are:

𝑂𝑝𝑠𝑡𝑜𝑡𝑎𝑙 = 4 + 980 + 42 = 1026 (4.3)
The throughput can be calculated as follows:

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 𝑂𝑝𝑠𝑡𝑜𝑡𝑎𝑙
𝑐𝑦𝑐𝑙𝑒𝑠 × 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦 (4.4)

In this design, a pair of I and Q signals is processed within 8 cycles and the clock frequency is 2GHz.
So the ideal throughput should be:

𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡 = 1026 𝑂𝑝
8 𝑐𝑦𝑐𝑙𝑒𝑠 × 2 𝐺𝐻𝑧 = 256.5 𝐺𝑂𝑝/𝑠 (4.5)

Specification

Technology 22nm CMOS

Area 0.047 mm2

Supply Voltage 0.9 V

Latency 7.5 ns

Clock 
Frequency 2 GHz

Sample Rate 250 MSPS

Power 
Comsumption

Internal 
Power

Switching
 Power

Leakage 
Power

Total
Power

105.044 mW 81.529 mW 8.153 mW 194.726 mW

Throughput 256.5 GOp/s

Power Efficiency 1.3154 TOp/s/W

Figure 4.6: Chip layout and performance summary

Power Efficiency
Power efficiency is defined as the ratio of data processing throughput to the system’s energy consump-
tion. In neural network accelerators, it indicates how many operations can be achieved per unit power
consumption. Its calculation formula is as follows:

𝑃𝑜𝑤𝑒𝑟_𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = 𝑇ℎ𝑟𝑜𝑢𝑔ℎ𝑝𝑢𝑡
𝑃𝑜𝑤𝑒𝑟 (4.6)

In this design, the ideal throughput is 256.5 GOp/s, and the power consumption is 0.195 Watts. There-
fore, the power efficiency should be calculated as follows:

𝑃𝑜𝑤𝑒𝑟_𝐸𝑓𝑓𝑖𝑐𝑖𝑒𝑛𝑐𝑦 = 256.5 𝐺𝑂𝑝/𝑠
0.195 𝑊 = 1.3154 𝑇𝑂𝑝/𝑠/𝑊 (4.7)
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Summary
The DPD chip post-layout, shown in Figure 4.6 is simulated under 22nm CMOS technology and it
occupies 0.047 mm2 area. The DPD chip is the first GRU SoC with the highest throughput, 256.5
GOp/s and power efficiency, 1.3154 TOp/s/W. What is more, the chip can work at 2GHz and can deal
with wireless communication signals with bandwidth up to 70MHz. The chip has a minimum delay as
low as 7.5ns. In the experimental test, the TEST_ACPR can reach up to -49.48 dBc.

4.3.3. Comparison With Previous Work
Table 4.17 shows the comparison of performance and power consumption between the proposed ac-
celerator and other state-of-the-art RNN accelerators. The accelerator proposed in this paper demon-
strates superior performance compared with the RNN accelerator based on network compression men-
tioned in paper [50]. Specifically, the proposed design achieves a 38.3% reduction in the number of
PEs, while increasing peak throughput by 2.5 times and enhancing power efficiency by 2.2 times. When
compared to the accelerator introduced at ISSCC 2017 [40], which operates at a frequency of 50MHz
with a 4-bit data width, this design shows a substantial difference in power consumption due to its
higher operating frequency and wider data width. However, the difference in peak throughput is rela-
tively small, approximately 8.5%. This work effectively balances a trade-off among power consumption,
throughput and operating frequency.

This work ICCS 2020 [50] ISSCC 2017 [40]

Architecture ASIC ASIC ASIC

Process (nm) 22 28 65

Clock frequency (MHz) 2000 200 50

PEs 158 256 N/A

Voltage (V) 0.9 1.1 0.77

Bit precision (bits) 12 16 4

Peak throughput (GOp/s) 256.5 102.4 280.26

Power consumption (mW) 194.7 166.8 34.6

Power efficiency (TOp/s/W) 1.3154 0.6 8.1

Table 4.17: Comparison of performance between the proposed accelerator and state-of-the-art RNN Accelerators

This work IMC-5G 2019 [21] IMS 2023 [4]

Architecture ASIC FPGA FPGA

Process (nm) 22 16 16

Clock frequency (MHz) 2000 312.5 300

Bit precision (bits) 12 16 14

Area/ Slice registers 0.047 mm2 11258 110337

Power consumption (W) 0.194 0.374 12.9

Test-ACPR (dBc) -49.48 -46.2 -47.1

Bandwidth (MHz) 75 400 75

Table 4.18: Comparison of resource consumption and performance between GRU-based DPD hardware design and
state-of-the-art DPD hardware designs

Table 4.18 shows the comparison of resource consumption and performance between the proposed
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GRU-based DPD hardware design and other state-of-the-art DPD hardware designs implemented on
FPGA. The DPD hardware implementation in paper [21] is based on the Volterra series, while imple-
mentation in paper [4] is a PWL-based model. Both implementations employ a parallel-processing
DPD structure, where multiple DPD units are duplicated to widen the signal bandwidth. As indicated in
Table 4.18, the proposed design demonstrates a significant difference in area/slice register consump-
tion compared to the other designs, while the bandwidth of the processed signal is relatively smaller.
Nevertheless, the accuracy of the proposed design is much higher, with an improvement of 3.28 dBc
compared to the implementation in paper [21] and 2.38 dBc compared to implementation in paper [4],
respectively. Therefore, the DPD hardware structure presented in this work is well-suited for embedded
applications that require low bandwidth and power consumption but demand high accuracy.



5
Conclusions and Future works

5.1. Conclusion
PAs are a critical component of wireless communication systems, but their efficiency and linearity are
often at odds. DPD technology compensates for the non-linearity of PAs, making it widely used in
wireless communication systems. However, as bandwidth increases, traditional DPD models become
more complex, and the miniaturization of base stations creates a growing demand for low-power, high-
efficiency DPD chips. Inspired by OpenDPD, the use of GRU neural networks in DPD research has
shown prominent results. This paper is dedicated to designing a high-performance GRU-based hard-
ware system to meet these demands.

In software, to simplify the computational complexity of the hardware, this paper employs QAT
quantization strategy to convert the floating-point model to a fixed-point model. During the retraining
process, the minor deviations introduced by the quantization of the rounded activation functions result
in negligible parameter changes during backpropagation, hindering the fixed-point model from achiev-
ing the original accuracy of the floating-point model. To mitigate this issue, this paper proposes the use
of linear functions, Hardsigmoid and Hardtanh, to quantize the activation functions. These functions
amplify the variations caused by precision loss, making the parameter updates more sensitive to ac-
curacy loss. This approach facilitates the quantization of the floating-point model to a lower bit-width
fixed-point model while preserving higher accuracy.

In hardware, given the high frequency and low latency requirements for processing wireless com-
munication signals, this design highly enhances the parallelism of matrix multiplication and employs
inter-layer pipeline and retiming techniques for timing optimization. To optimize resource utilization, this
design proposes an efficient data flow. Additionally, given the small number of parameters in the GRU
neural network and the high degree of hardware parallelism, the use of LUTs method for implementing
activation functions results in an imbalanced resource distribution, with over 73.4% of resources allo-
cated to activation functions. This disproportionate allocation leads to significant resource wastage.
To address this issue, this paper introduces the use of linear functions, Hardsigmoid and Hardtanh, to
optimize the activation functions.

The experimental results illustrate that selecting features I, Q, |𝑥|2, |𝑥|4, and a hidden size of 10 for
GRU neural network effectively trades off parameter count and accuracy. Under the same parameter
precision, quantizing activation functions with Hardsigmoid/Hardtanh results in an ACPR improvement
of 1-2 dBc compared to LUTmethods. The performance of the hardware on the FPGA indicates that the
resource utilization using Hardsigmoid/Hardtanh shows significant improvement compared to the LUT
method (baseline), specifically demonstrated as 18.85x reduction on sigmoid module, 35.25x reduction
on tanh module and 3.77x reduction of the total system. This paper evaluates the hardware design
on the ASIC platform. Simulated under 22nm CMOS technology, the DPD chip occupies 0.047 mm2,
with the highest throughput, 256.5 GOp/s and power efficiency 1.3154 TOp/s/W. In addition, the chip
works at 2GHz, capable of handling signals with bandwidth up to 70MHz.

5.2. Future work
Future work will focus on several key areas to enhance the proposed GRU-based DPD chip further:

47
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• Scalability and Flexibility: This work implements and evaluates the hardware for a single optimal
data flow configuration. Future work could focus on the reconfigurability of the DPD chip to adapt
to different application scenarios.

• Power Optimization: This work primarily focuses on optimizing area and timing while there re-
mains significant potential for improvement in power consumption. Dynamic voltage and fre-
quency scaling (DVFS) and power gating can be used to further reduce the power consumption
of the DPD hardware system.

• Comprehensive Testing and Validation: This work only performs simulation when verifying the
accuracy of the DPD chip and select the only data set provides by OpenDPD. So the test coverage
is insufficient. Future work can focus on the robustness and reliability.
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