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Abstract

The emerging fifth generation (5G) and beyond wireless systems raise requirements
on improved coverage, lower latency, higher data rates, and energy efficiency. These
improvements can be provided by massive Multiple-Input Multiple-Output (MIMO),
which is one of the essential technologies of 5G. However, due to a large number of
antennas and radio frequency chains, the receiver design for massive MIMO systems
becomes more challenging. Moreover, non-linear effects in communication systems
like hardware impairment are hard to be modeled. Since conventional solutions
struggle to address these challenges, deep learning (DL) is considered as a promising
approach for the sixth generation cellular systems. The application of DL in the
physical layer is still in a nascent stage. Most prior DL-based receivers are purely
data-driven and aim mainly for performance improvement. By contrast, model-driven
DL-based massive MIMO receivers can potentially achieve lower complexity, better
interpretability and robustness by introducing expert knowledge, but this is not
yet well-investigated in the literature. This PhD thesis focuses on designing low-
complexity channel estimation and signal detection schemes with the application
of model-driven DL techniques for massive MIMO orthogonal frequency-division

multiplexing (OFDM) systems.

Firstly, a novel model-aided DL-based OFDM receiver, which integrates a convolu-
tional neural network (CNN)-based channel estimator and a signal detection neural
network (SD-NN), is proposed. By exploiting channel correlations in the time and
frequency domain, the proposed CNN-based scheme can efficiently denoise and

refine the image-like low-resolution channel with time-variant and frequency-selective
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effects. Then, the explicit channel information from the CNN is processed by a model-
based equalizer, and the output is used as a proper initialization for SD-NN. Moreover,
several data preprocessing and model tuning strategies are developed to improve
detection performance. As a result, unlike the data-driven solutions viewing the whole
receiver as a black box, the proposed model-aided DL architecture achieves lower

complexity and faster convergence with only a small number of pilots.

Secondly, considering the complexity problem of generic NN architectures in massive
MIMO-OFDM systems, an efficient deep unfolding (DU)-based detection network is
developed. Based on the domain knowledge of MIMO detection, the alternating direc-
tion method of multipliers (ADMM)-based network skeleton is first derived. To get a
specialized architecture with improved model flexibility for DU-based MIMO-OFDM
detection, the over-relaxation parameter and an additional step size are added to the
network skeleton. With the help of DU techniques, the sets of trainable parameters can
be optimized explicitly for different subcarriers to enhance the detection performance
under realistic channels with severe spatial and frequency correlations. Furthermore,
a differentiable projection function is designed to enable learning-based parameter
optimization. Compared to existing baselines in the literature, the proposed approach
can provide a better performance-complexity trade-off, especially for the cases of high

user load and real-world correlated channels.

Thirdly, for high-loaded massive MIMO systems with large numbers of users, a
frequency-orthogonal pilot scheme is designed to save time resources used for pilot
transmission. By a special subtractive residual layer, the proposed denoising CNN
learns the denoising mapping to eliminate channel noise in the delay domain instead
of learning the labeled channel matrices directly. To further improve estimation
performance, a residual CNN is proposed to exploit spatial-frequency correlations of

channels and refine the output of the denoising CNN. With the help of a customized
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fast Fourier transform layer, these two CNNs can be jointly trained across different
domains, resulting in an end-to-end channel estimation network. This dual CNN-based
estimator 1s shown to achieve state-of-the-art performance and fast convergence with

lower complexity than baseline approaches.

Finally, the research is extended to massive MIMO-OFDM systems with low-precision
analog-to-digital converters (ADCs). To accurately detect the received signals with
severe non-linear distortions under such complex systems, a novel model-driven
detection network is proposed. Since well-established architectures like ADMM can
not handle errors of coarse quantization, a flexible non-linear estimator is first derived
to replace the general z-update of ADMM. Specifically, the scalar step size is upgraded
to a learnable vector used as the multiplicative gradient correction, and an additive
gradient correction is also added. Correspondingly, a specialized network skeleton with
multiple trainable parameters and an adaptive proximal operator is designed. By fusing
the model-based architecture and data-driven techniques, the proposed scheme shows
superior detection performance and robustness in coarsely quantized massive multiuser

MIMO-OFDM systems.
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Lay Summary

Within 40 years, the cellular communication system has experienced extensive de-
velopment from the first to the fifth generation (5G). Unlike the past generations,
the current 5G focus on not only human-to-human but also human-to-thing and
thing-to-thing communications. Advanced wireless applications, such as Internet of
Things and autonomous driving, have posed unprecedented demands on the number
of connections, data rate and latency. To meet these performance criteria, massive
multiple-input multiple-output (MIMO) is proposed as one of the critical technologies
of 5G wireless networks. However, 5G wireless systems with massive MIMO are
much more complicated than conventional systems. Moreover, the new requirements
to dynamically adapt to complex mobile environments and handle a huge amount
of wireless data challenge traditional schemes. Based on its great success, deep
learning (DL) provides a powerful alternative that can address the challenges in future

communication systems, which is also considered by the sixth generation standards.

Over the past decade, DL has been widely applied to some tasks in upper layers of
wireless communication systems, while its application in receiver design is still in
a nascent stage. In the existing literature, most receivers are based on purely data-
driven DL architectures, which have high complexity and also require considerable
computing resources, memory, training time and data. Thus, this thesis aims to
design model-driven DL-based receivers for the next generation massive MIMO multi-
carrier systems. By combining DL technologies with expert knowledge, model-driven
schemes are able to achieve a relatively ideal trade-off between performance and

complexity. For channel estimation, conventional algorithms are used to aid generic



DL networks for better convergence. Moreover, specialized model-based architectures
are proposed for efficient massive MIMO detection. In this thesis, the robustness of the
proposed solutions to realistic channels, high user load and low-precision quantization,

are also highlighted.
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Chapter 1

Introduction

This PhD thesis aims to exploit deep learning (DL)-based technologies to enable some
key improvements of future wireless communication systems like the fifth generation
(5G) and beyond. Even if deep learning has garnered growing interest in physical
layer communications due to its great successes in image and speech processing, how
the DL-based solutions can be properly applied to 5G-related massive multiple-input
multiple-output orthogonal frequency-division multiplexing (MIMO-OFDM) systems
is still an open issue. Our main focus is to develop advanced receiver schemes
including channel estimation and signal detection by fusing the power of data-driven
DL techniques and communication domain knowledge. In this chapter, Section 1.1 first
explains the research motivation. The objectives and key contributions of the research
work are summarized in Section 1.2 and Section 1.3, respectively. Section 1.4 presents

the outline of this thesis.

1.1 Research Motivation

Enabled by Long-Term Evolution (LTE), various applications like mobile games and
short-form videos have triggered a dramatically increasing number of mobile devices
and data traffic. According to Cisco’s networking index forecast, there will be around
4.8 billion Internet users and 28.5 billion devices and connections by 2022 [1]. The

explosion of wireless devices and emerging wireless applications, such as diverse
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intelligent terminal access, virtual reality, and Internet of things (IoT), has propelled
the development of wireless communication into 5G [2]. The emerging 5G wireless
communication system is expected to provide ultra-low latency, higher throughput,

reliability, and spectral efficiency.

As one of the key technologies of 5G, massive MIMO is capable of providing
significant improvements to energy efficiency, spectral efficiency, and robustness of
the system [3]. As another widely-used technology in modern digital communications,
OFDM is a multi-carrier modulation scheme that can efficiently address frequency-
selective fading in wireless channels. Thus, the combination of MIMO and OFDM
has drawn attention to many researchers. However, the design of massive MIMO-
OFDM systems is complicated. The resurgence of deep learning techniques offers an
opportunity to revisit the massive MIMO-OFDM receiver design problem [4]. DL has
been widely applied to the upper layers of wireless communication systems. Within
several years, DL has started to regain attention in signal processing applications in
the physical layer [5]. However, there are still many challenges ahead to realize the
full potential of DL-based physical layer technologies like accurate channel estimation
and low-complexity detection of massive MIMO. These challenges can be summarized

as follows:

1. Channel modeling and estimation in complex scenarios. Conventional MIMO
channel models fail to capture new features introduced by the increase of
antennas in massive MIMO systems [6]. Moreover, without accurate prior
channel statistics, the performance of conventional channel estimation schemes

like MMSE will degrade especially in low signal-to-noise ratios (SNRs).
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2.

Complexity and robustness of signal detection. As the number of antennas
grows, the complexity of the matrix inversion and conventional data detection
schemes increases significantly. When the number of transmit antennas is com-
parable to the number of BS antennas, the design of detectors with reasonable
complexity becomes more challenging [7]. Furthermore, non-linear imperfec-
tions in massive MIMO-OFDM systems like low-precision quantization are
difficult to be handled. Thus, it is desirable to develop a robust receiver scheme

that can achieve a good trade-off between performance and complexity.

Training overhead and interpretability of DL-based schemes. Most of the
existing DL-based receivers are purely data-driven, which have large numbers
of trainable parameters, especially for massive MIMO-OFDM systems. The
performance of well-trained data-driven solutions could be competitive, but they
require sufficient computing resources and a huge amount of labeled data, both
of which are rarely found in wireless communication devices [8]. In addition,
data-driven schemes use the generic neural network (NN) as a black box, which
makes their architectures unexplainable. Due to these limitations, it is difficult

to implement data-driven DL solutions in some practical applications.

1.2 Objectives and Contributions

1.2.1 Research Objectives

The main aim of this thesis is to develop efficient receivers that can improve the

accuracy of the channel estimation and decrease the complexity of signal detection for

massive MIMO-OFDM systems by utilizing state-of-the-art deep learning technolo-

gies. The fast-increasing demand for wireless connectivity requires a lot of innovations

in the sixth generation (6G) communication networks, and DL tools will play a key
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role in solving problems in the wireless domain [8]. However, most prior data-driven
DL-based receivers mainly focus on performance improvement rather than complexity
reduction. These schemes require a long training time in addition to a huge volume
of training data. These problems motivate us to combine DL networks with expert
knowledge, i.e. model-driven neural networks. By designing the NN architectures
aided by conventional algorithms or integrating DL techniques into existing signal
processing schemes, the system performance and robustness to non-linear distortions
will be improved. Meanwhile, with the help of communication domain knowledge,
model-driven DL-based receivers can be trained faster and achieve a reasonable trade-

off between performance and complexity.

1.2.2 Key Contributions

The key contributions of this thesis are summarized as follows:

1. A novel OFDM receiver, which includes a channel estimation neural network
(CE-NN) and a signal detection neural network (SD-NN), is proposed. By
exploiting the learning and generalization capacity of convolutional neural
networks (CNN), CE-NN can estimate the two-dimensional response of time-
variant and frequency-selective channels using only a small number of pilots.
With the help of the CE-NN and specialized training strategies, the SD-NN in
RecNet outperforms the end-to-end DL-based receivers like [9]. Compared with
the purely data-driven solutions in the literature, the proposed CE-NN and SD-
NN achieve faster convergence and require fewer training data with the aid of
model-based algorithms. Moreover, the robustness of SD-NN is evaluated for

different SNRs and lengths of the cyclic prefix.
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2.

An efficient model-driven detection network is developed for massive multiuser
(MU)-MIMO-OFDM systems, named MMO-Net. First, based on a general
alternating direction method of multipliers (ADMM) architecture, we derive
a MIMO detector used as the network skeleton. Then, the over-relaxation
parameter and an extra step size are added to the detector to increase the
model flexibility. To better adapt to realistic correlated channels, we unfold
the algorithm iterations in a layer-wise neural network and jointly learn its
parameters explicitly for different subcarriers from the training data. In addition,
a specific differentiable projection is designed to enable gradient descent-
based optimization. To demonstrate the superior performance and robustness
of MMO-Net, we implement several state-of-the-art detection networks into the
massive MU-MIMO-OFDM system with high user load and real-world channels

considered by few prior works.

Three CNN-based channel estimators, i.e., a denoising CNN (D-CNN), a re-
sidual spatial-frequency CNN (RSF-CNN), and a DRSF-CNN are proposed for
MU-MIMO-OFDM systems. Instead of learning the labeled channel matrices
directly, D-CNN learns the denoising mapping via a special subtractive residual
layer to eliminate channel noise in the delay domain. To further enhance the
performance of D-CNN, we propose RSF-CNN to exploit spatial and frequency
correlations of channels. Furthermore, a fast Fourier transform (FFT) layer
is developed to enable end-to-end training of D-CNN and RSF-CNN across
different domains, resulting in DRSF-CNN. The number of trainable parameters,
computational complexity and estimation performance for the existing CNN-

based estimators and the proposed schemes are also compared.
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4.

To fuse the advantages of model-based algorithms and data-driven DNNs, we
propose a model-driven network, QMMO-Net, by introducing deep unfolding
(DU) techniques in quantized massive MIMO-OFDM detection tasks. Unlike the
case of infinite-precision systems, well-established model-based architectures
like ADMM can not handle severe distortions from low-precision quantization,
even with the help of DU tools. Thus, we derive an architecture specialized
for the detection of coarsely quantized signals. First, a flexible non-linear
estimator with a trainable vector is developed as the new x-update step, and
an additive gradient correction is added. Correspondingly, the ADMM-based
network skeleton and learnable proximal operator are redesigned to improve

detection performance further.

1.3 Thesis Outline

The remainder of this thesis is organized as follows:

Chapter 2

This chapter provides an essential background for the thesis and introduces relevant

techniques that are helpful to understand the following technical chapters. Firstly, the

fading phenomenon in the wireless channel is explained. Secondly, an overview of

massive MIMO-OFDM systems is presented, which includes MIMO channel models,

the benefits and challenges of massive MIMO-OFDM systems, and the techniques

for MIMO-OFDM detection. Then, the fundamentals and categories of deep learning

algorithms are illustrated in detail. Finally, the applications of DL in physical layer

communications, especially in channel estimation and signal detection, are discussed.
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Chapter 3

This chapter studies DNN-based techniques for the OFDM receiver including channel
estimation and signal detection. First, the formulation of the OFDM system used in
this chapter is presented. Next, the proposed channel estimator including the lattice-
type pilot, model-based initialization, and the CE-NN, is explained. Then, the technical
challenges, the architecture of the DL-based OFDM receiver consisting of CE-NN and
SD-NN, and the corresponding strategies of data preprocessing and model tuning are

described in detail. The work in this chapter is mainly based on [10] and [11].
Chapter 4

This chapter comprehensively discusses the development of deep unfolding (DU)-
based detection networks. First, the model of a massive MU-MIMO-OFDM system
for 5G and beyond is introduced. Next, a MIMO detector is derived based on the
generic ADMM architecture. Then, the proposed MMO-Net consisting of a novel
network skeleton, a set of trainable parameters, and a differentiable projection function
is described. Finally, the comprehensive performance evaluation and comparison of
several state-of-the-art DU-based detectors are provided in the case of high user load

and realistic channels. This chapter is partly based on the work in [12].
Chapter 5

This chapter investigates the channel estimation problem in massive MU-MIMO-
OFDM systems. First, the system model and the prior works on DL-based channel
estimation are discussed. Next, an optimal pilot scheme for highly loaded MU-MIMO
systems and a D-CNN with an additive residual layer for channel denoising are
proposed. Then, the network architecture of the DRSF-CNN, which includes a D-
CNN, a customized FFT layer and a residual RSF-CNN, is described in detail. Finally,
the performance and complexity of the proposed schemes and baselines are compared.

This chapter is based on our work in [13].
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Chapter 6

This chapter introduces DU techniques into the detection task for coarsely quantized
massive MIMO-OFDM systems. First, the system structure and the quantizer used in
this chapter are presented. Next, the technical challenges and the proposed model-
driven detector specialized for the massive MU-MIMO-OFDM system with low-
precision quantization are described. Then, the numerical results are provided to
demonstrate the performance of the proposed detection network. This chapter is in

part based on [14].
Chapter 7

This chapter concludes the research works conducted in this thesis and summarises the
main contributions. The limitations and potential future research directions are also

discussed.
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Chapter 2

Background

This chapter presents a basic technical background for this thesis. This chapter starts by
introducing the basic knowledge of wireless channels, including path loss, shadowing,
and small-scale fading. Next, an overview of massive multiple-input multiple-output
(MIMO) orthogonal frequency-division multiplexing (OFDM) systems is provided,
which includes the key role of MIMO-OFDM systems in the era of the fifth generation
(5G), the advantages and technical challenges of using massive MIMO, and several
relevant signal detection algorithms. Then, basic concepts of artificial intelligence
(AI), machine learning (ML) and deep learning (DL), as well as their relation, are
described. The forward propagation and backward propagation processes are explained
to help understand the fundamentals of DL, followed by categories of DL architectures.
Finally, DL applications in physical layer communications are discussed, and the DL-

based schemes for channel estimation and signal detection are highlighted.

2.1 Overview of Wireless Channel

The performance of wireless communication systems is mainly dependent on the
wireless channel environment. Thus, the study of wireless channels is the basis for
the research of channel estimation and signal detection algorithms. In the process

of propagation, a wireless signal is affected by many factors, such as the distance

10
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Figure 2.1: Classification of fading channels.

between the transmitter and receiver and the propagation environment [15]. In contrast
with the additive noise, fading is characterized as a non-additive signal disturbance in
the wireless channel. This section briefly introduces two different types of the fading

phenomenon in a wireless channel, i.e., large-scale fading and small-scale fading.

2.1.1 Large-scale Fading

Large-scale fading occurs as mobile devices travel through a large distance. It can
be characterized by path loss and shadowing. On the other side, when mobile devices
travel short distances, the constructive and destructive interference of multipath signals
leads to rapid fluctuations of signal power [16]. This phenomenon is called small-scale

fading. The classification of fading channels is illustrated in Fig. 2.1.

2.1.1.1 Path Loss

For wireless communications, path loss refers to the energy attenuation of a signal
caused by the propagation medium in the transmission process, which is a function of
the distance d between the transmitter and receiver. When there are no obstructions
between the transmitter and receiver in the line-of-sight environment, a simple free-

space path loss PLpg(d) in decibels (dB) is given by:
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2
PLys(d)[dB] = 10log (%) — 10log (glgd/)lz) 2.1)
rx t r

where P, and P, are the transmit and receive power, separately. P, can be expressed

by the well-known Friis Formula [17] as:

Gtx erA 2

Prx<d) = Pth

(2.2)

where G;, and G, are the transmit and receive antenna gains, respectively. A represents

the wavelength of radiation.

Similar to the free-space case mentioned above, the average power of received signals
in other real-world environments also logarithmically decreases with the distance d.
Thus, by adding the environment-dependent path loss exponent & [15] to the free-space

path loss (2.1), a more generalized model for path loss can be described as follows:
d
PL(d)[dB] = PLgs(dy) + 100 log <d_) (2.3)
0

where d is the reference distance which should be properly set for different scenarios.

2.1.1.2 Shadowing

In addition to path loss, large-scale fading also includes shadowing caused by large
random objects along the path of the signal, such as buildings and vegetation. Let
Xsn (in dB) represent the shadowing effect, which is a Gaussian random variable
with a standard deviation oy;,. With consideration of shadowing effects, equation (2.3)

becomes:

PL(d)[dB] = PLgs(do) + 10atlog (j—0> + Xsh (2.4)



2.1. Overview of Wireless Channel 13

Received signal
4 —— Path loss

power [dB] .

—— Shadowing

—— Small-scale fading

v

Distance [log] ’

Figure 2.2: The received signal power affected by path loss, shadowing, and small-
scale fading versus distance.

As shown in this formula, the signal power received at the places with the same
distance d from the transmitter may be different due to shadowing. In practice, the

shadowing model (2.4) is helpful for a more realistic situation.

2.1.2 Small-scale Fading

Small-scale fading is the rapid fluctuations of signal power caused by the short-distance
movement of mobile users, which is due to the multipath propagation of wireless
signals. The transmitted signal usually travels to the receiver via multiple paths since
it is scattered or reflected by the objects located around its path. Due to their different
paths, these scattered signals have different amplitudes and phases at the receiver.
The differences of multipath signals in phases may result in the variation of the total

received power [18]. Fig. 2.2 depicts three components of the channel response.

One of the most typical and important small-scale fading models is the Rayleigh fading
channel model. It is a reasonable model reflecting the characteristics of the wireless
propagation environment with a large number of scatterers. According to the Central

Limit Theorem, each channel tap follows a Gaussian distribution with a zero mean if
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there are sufficient scatters and no dominant line-of-sight path. In this case, the received

signal is a superposition of multipath signals.

Unlike the flat Rayleigh fading channel widely used in the literature, the channels used
in most of the simulations in this thesis are based on selective-fading channel models.
Selective-fading channels mainly refer to frequency-selective and time-selective fading
channels caused by time and frequency dispersion in the transmission process. Some
specific parameters can be used to characterize the selective channel, such as the
multipath delay spread for describing the frequency-selective fading and the Doppler

spread for describing the time-selective fading.

As a result of time dispersion caused by multipath, the channel response changes with
frequency. Coherence bandwidth is the frequency range during which the channel
properties remain similar. When the coherence bandwidth of the channel is larger
than the signal bandwidth, the transmitted signal is subject to flat fading. On the
contrary, frequency-selective fading occurs if the coherence bandwidth of the channel
is smaller than the signal bandwidth. The delay spread is inversely proportional to
the coherence bandwidth. Therefore, the larger the delay spread is, the smaller the
coherence bandwidth is, and for large bandwidth signals the channel becomes more

frequency selective.

Moreover, coherence time is the parameter that describes the rate of channel variation.
Depending on the value of the coherence time with respect to the symbol period, the
signal experiences fast or slow fading. If the coherence time is shorter than the symbol
period, the signal will undergo fast fading. The Doppler spread and coherence time are
inversely related. Thus, when the coherence time is small, the Doppler spread is large,

and the channel varies rapidly.
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Figure 2.3: Block diagram of a Ng x N7 MIMO system.

2.2 Overview of Massive MIMO-OFDM Systems

2.2.1 MIMO Systems and Channel Models

Since the third generation (3G) wireless communication networks, one of the break-
through technical advances at the physical layer (PHY) is the emergence of MIMO
transceivers, which offer diversity gain and spatial multiplexing gain [19]. By using
multiple antennas in the transmitter and the receiver, MIMO is able to improve the
spectral efficiency, the system throughput, and the link reliability without increasing

the system bandwidth and antenna transmit power.

In the MIMO system shown in Fig. 2.3, a multi-antenna transmitter sends multiple
data streams simultaneously, and the transmit signals travel through wireless channels.
Then, the receiver with multiple receive antennas gets the signal vectors filtered by
channels and decodes them into the original information. Here we assume there
are N7 transmit antennas and Ng receive antennas and the H is a Rayleigh-fading

channel. Correspondingly, the elements of the channel matrix H € CN*M follow an
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independent and identically distributed (i.i.d.) complex Gaussian distribution with a
zero mean, i.e., h;j ~ CN (0, G}%). However, this uncorrelated MIMO channel model is
not always applicable. Considering the spatial correlation of antennas in the statistical

model of MIMO channels, the MIMO channel matrix H can be further expressed as:

H, = R}*HR) 2.5)

where Rk and Ry are the correlation matrices for the receive antennas and transmit

antennas, respectively.

2.2.2 Massive MIMO-OFDM Systems

2.2.2.1 MIMO-OFDM Systems

As discussed in Subsection 2.1.2, realistic channels are often frequency selective
rather than flat fading. Advanced equalization techniques and OFDM are the possible
solutions to frequency-selective fading in MIMO systems. However, in a frequency-
selective channel environment, the implementation of MIMO requires complex chan-
nel equalization schemes, which increases the complexity of the receiver significantly.
As a multi-carrier modulation technique, OFDM divides a single radio channel into
multiple narrowband flat-fading subchannels, which mitigates the impact of multipath
channel environment and frequency-selective fading. Moreover, the Inter Symbol
Interference (ISI) caused by multipath can be effectively eliminated by inserting a
cyclic prefix (CP) [20]. Therefore, the use of OFDM can address the challenges of
applying MIMO techniques under frequency-selective channels. The system model

and mathematical description of OFDM can be found in Section 3.2.
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Combining the advantages of MIMO in improving system capacity and OFDM in
resisting frequency-selective fading, MIMO-OFDM is an effective way to meet the
requirements of modern mobile communication systems, which has already attracted
a lot of attention [21]-[22]. Like many other wireless communication standards, the
fourth generation Long-Term Evolution (LTE) also employs MIMO-OFDM as one
of the essential schemes [23]. For LTE, Single-carrier Frequency-Division Multiple
Access (SC-FDMA) is used for uplink transmissions, and Orthogonal Frequency
Division Multiple Access (OFDMA) is only used in the downlink. However, the overall
system design becomes complex if the air interface is based on multiple waveforms.
Considering the need for a single waveform and the scalability for diverse services, the
fifth generation (5G) new radio (NR) employs OFDMA in both uplink and downlink

[24]. Thus, it is practically important to further investigate MIMO-OFDM systems.

2.2.2.2 Massive MIMO

Since conventional MIMO base stations (BSs) only use a small number of antennas,
the performance gain can not be fully exploited [25]. A massive MIMO system is a
communications scheme that utilizes a large number (typically tens or hundreds, even
thousands in the future) of antenna elements at base stations. In practice, the transmit
antennas can be co-located in one transmitter or distributed in many terminals. Massive
MIMO can further improve the energy efficiency, spectral efficiency, and robustness
of LTE communication systems, which is considered as one of the key technologies
of 5G. In addition, massive MIMO can use low-cost components like low-power
amplifiers instead of expensive high-power ones, because each antenna only needs

to be assigned a small fraction of the total transmit power [26].
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Even if massive MIMO provides many advantages mentioned above, its large-scale

antenna arrays introduce a series of new challenges for signal processing, such as beam

precoding, multi-terminal synchronization, and pilot contamination. In this thesis, we

mainly focus on the channel estimation and signal detection of massive MIMO-OFDM

systems, and the relevant technical challenges are listed as follows:

1.

Channel Modeling: Accurate performance evaluation of massive MIMO requires
realistic channel models. There are additional characteristics of the channel to
consider when using massive MIMO instead of conventional MIMO. How-
ever, conventional MIMO channel models like the widely-used WINNER II
[27] fail to capture nearfield and non-stationary effects. Moreover, most prior
channel models lack the features for time evolution and full three-dimensional
(3D) propagation modeling which are important for massive MIMO channel
modeling [28]. In this thesis, we develop a realistic channel generator based
on an open-source channel simulator, QuaDRiGa [29], which includes full 3D
propagation modeling. Furthermore, most of existing massive MIMO receivers
focus on using the uniform linear arrays [7]. In Chapters 4 and 5, we utilize
the rectangular array in our simulations, which also needs to be considered for

massive MIMO systems.

Channel Estimation: Channel estimation plays a key role in wireless systems,
especially in massive MIMO systems. To fully realize the potential of large-scale
antenna arrays and obtain the capacity gain, acquiring the complete channel state
information (CSI) at base stations is essential. However, the accurate estimation
of CSI for massive MIMO channels is challenging [30], as the cost of acquiring

CSI rises in proportion to the number of antennas. For example, in practice,
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orthogonal pilot sequences are widely used to estimate wireless channels due
to their satisfying performance. However, the overhead of orthogonal pilots
increases with the total number of terminal antennas in the uplink, which leads

to low spectral efficiency for massive MIMO-OFDM systems.

3. Signal detection: Some conventional detectors can perform well under small-
scale MIMO systems and simple channel models. However, more advanced
schemes are required for massive multiuser (MU) MIMO detection under
real-world channels with frequency and spatial correlations. Due to a large
number of antennas and radio frequency chains, the complexity of symbol
detectors increased rapidly in a massive MIMO uplink receiver, which makes
the design of detection algorithms more challenging. Thus, the research to
find the efficient massive MIMO detection algorithm with optimal performance
and low complexity has gained much attention during the past decade [31].
Moreover, the robustness to imperfect CSI and hardware impairments like low-
precision analog-to-digital converters (ADCs) should also be considered for

massive MIMO detectors.

2.2.3 Signal detection for MIMO-OFDM Systems

To provide a relevant background for massive MIMO detection, this subsection reviews
several typical detectors as well as an iterative MIMO detector which is the basis of

one deep learning (DL)-based benchmark approach in Chapter 4.

For an uplink MU-MIMO system with M user terminals with a single antenna and
a base station equipped with N antennas, the relationship between the transmitted

symbol vector € CM and the received vector y € CV is given by:

y=Hzxz+n (2.6)
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where n € CV is the additive white Gaussian noise with zero mean and variance Nj.

It is well-known that the maximum likelihood detection (MLD) can achieve the optimal
performance. MLD finds the estimate &) p that minimizes the Euclidean distance

between Hx and y [18], which leads to the integer least-squares problem:

TyLp = arg mi111W||y—H:cH% (2.7)
xe

where X is the finite set of constellation points. We assume all user terminals use
the same constellation set, and every symbol in X is randomly chosen by the users
with a uniform probability. The MLD algorithm requires exponential complexity in the
number of users M, which is prohibitive for large-scale MIMO systems. In practice,

low-complexity approaches are often used as alternatives.

As the basic detection method, the linear equalization like zero forcing (ZF) can be
viewed as a relaxed solution for the MLD problem (2.7) [32]. Linear equalization-
based detectors can be summarized as * = G'y, and the ZF and linear minimum mean-

square error (LMMSE) detectors are given by [16]:

~ -1
Zzr =Gzry=(H"H)  H'y (2.8)

- -1
Trumse = Guumsey = (H"H +o071y)  H'y (2.9)

where Gzr and Gyyse are the equalization matrices, and Iy is an M x M identity
matrix. With the help of the noise information o, the LMMSE detector outperforms

the ZF detector, especially when the noise power is large.

It is clear that both the ZF (2.8) and LMMSE (2.9) detectors require a matrix inversion
operation in the equalization process. Due to the large-size channel matrix in massive

MIMO systems, the computational complexity of matrix inversion is consider-
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ably high. Thus, a series of approximate matrix inversion (AMI)-based algorithms
are proposed for massive MIMO detection, which can avoid the matrix inversion
operation. The conjugate gradient (CG) detector is an efficient AMI-based scheme that
can achieve a near-LMMSE performance iteratively. To derive the CG-based detector,

we first rewrite the LMMSE algorithm (2.9) as follows:

Z=(H'H+0I) Hiy=A"g (2.10)

where A = H" H + 621 is the MMSE detection matrix, and § = Hy is the matched
filter vector. According to [33], the transmitted symbol vector at the (i + 1)th iteration

can be estimated as:

20t = 20 4 g0 p0) 2.11)

where o) is a scalar step size, and pl) is the conjugate direction with respect to A,
i.e.,

N\ H .
<p(z)) Ap) =0, fori | (2.12)

Based on Equations (2.10)-(2.12), the CG-based MIMO detection algorithm [34] can

be described as:

(i-1)
(Apl-—1 pli-1 )p ’
31 1)
~(i) _ =(i-1) _ (y Y )A (i-1) (2.13)
N O PGSR R
50 . 0
20 = 50 4 (879)
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To simplify the notations, the step size a(® in (2.11) and another step size ﬁ(i) can be

used in the CG iterations (2.13), which are given by:

(g(i—l) .g(i—1)>

(i) _

* ~ (AplD . pl-1) (2.142)
~<i>.~<i>)
Yy -y

(i) _ <

B (gl-1-gl-D) (2.14b)

As shown in [34], the performance of the CG algorithm tends to be unsatisfactory when

the ratio between BS antennas and user antennas, i.e. N/M, becomes small.

As discussed in Subsection 2.2.2, the massive MIMO detector has been a hot research
topic in recent years. Thus, there are many detection techniques proposed for massive
MIMO systems with different advantages and limitations [35]-[36]. However, the rule
of the best trade-off between performance and complexity as well as the robustness of
massive MIMO detectors under realistic environments are still open issues, which are
also some of the main focus of this thesis. The next section will introduce deep learning
techniques and discuss how they can be utilized to improve wireless communication

systems.

2.3 Overview of Deep Learning Algorithms

As mentioned in Section 1.1, future cellular networks are becoming more complex
due to larger and larger amounts of data from new applications and services. Apart
from the massive MIMO and millimeter wave (mmWave) technologies used in 5G NR,
machine learning is becoming another enabling technology to guarantee the stringent
requirements of the sixth generation (6GG) communication networks [8]. Thus, the

Al-native network will be one of the key features of 6G communication systems.
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Figure 2.4: The relation between Deep Learning, Machine Learning, and Artificial
Intelligence.

As a powerful instance among ML algorithms, deep learning (DL) is a promising
technique for handling large data and enhancing future communication networks. In
this section, we introduce the fundamentals of DL and then discuss the applications of

DL techniques in wireless communications, especially in PHY communications.

2.3.1 Deep Learning

In general, Al is an umbrella term for the technologies aiming to teach machines
how to think, react, learn and work in a similar way to human intelligence. As an
essential branch of Al, ML algorithms can learn knowledge from data without explicit
programming, which can be briefly categorized into supervised, unsupervised, and
reinforcement learning. DL is a class of machine learning techniques that consists of
multiple layers of information processing stages in hierarchical architectures [37]. Due
to its data-driven nature, the DL model can automatically learn high-level features
from raw data instead of manual feature extraction, which is a major benefit over
conventional ML. The relation between DL, ML, and Al is illustrated in Fig. 2.4.
This thesis mainly studies channel estimation and signal detection algorithms based

on supervised deep learning.
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2.3.1.1 Fundamentals of Deep Learning

Inspired by biological neural systems, DL is developed based on artificial neural
networks (ANNs) with representation learning. The ANNs with more than one hidden
layer can be called deep neural networks (DNNs). Note that the widely-used DNN
is not the only architecture of DL. Other multilayer methods like deep random
forests [38] can also be viewed as DL models. DNNs are generally used as a
powerful function approximator to realize the mapping between input data and the
desired output data, which can be interpreted in terms of the universal approximation
theorem [39]. According to this theorem, if given a sufficient number of hidden
neurons, a feedforward neural network with as few as one hidden layer can potentially

approximate an arbitrary function.

Mathematically, a deep neural network can be characterized as a concatenation of a

multitude of parameterized transformations as follows:

1. Layers: The basic architecture of NNs comprises an input layer, one or more
hidden layers, and the output layer which finally transforms the data into the
desired output. Depending on the connection modes among the neurons, the
hidden layer can be a fully-connected layer, a convolutional layer, or other types
of layers. The number of hidden layers (depth) and the number of neurons in

different layers are essential hyper-parameters for the architecture of DNNs.

2. Hidden Units: The hidden unit is also called a neuron, which can be represented
by a (usually non-linear) activation function. In a neuron in the hidden and
output layers, the bias is added to the weighted input data, and the data is
then processed by the activation function. Commonly used activation functions

include the sigmoid:

sigmoid(x) = (2.15)

1+e>
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the Hyperbolic Tangent (tanh):

tanh(x) = 2.16
anh(x) = S 2.16)
and the Rectified Linear Unit (ReLU):

ReLU(x) = max(0,x) (2.17)

To better explain the principles of the training and inference processes of DNN,
we illustrate the forward propagation and backward propagation of a simple one-
dimensional (1D) Convolutional Neural Network (CNN) in Fig. 2.5. The process in
which the input vector & propagates to the hidden units at each layer and produces the
final output vy is called forward propagation. In the first hidden layer, the convolutional

operation can be expressed as:

aq :f(kzl*zc) (2.18)

where k; and a; indicate the convolutional filter and the output of the first hidden
layer, respectively. f() is the non-linear activation function. After processing by the
next convolutional layer and the output layer, the final output y is obtained. The aim
of training this CNN is to learn the best parameter set k = [k, k,, k3] which can
minimize the error between the predicted output y and the true value §. After the
forward propagation of data, this error can be calculated by the mean squared error

(MSE) loss function L(k) as follows:

S
1 2
Lk) = min=S " [§— 2.1
(k) rrgnsszl\ly y|| (2.19)
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Figure 2.5: The illustration of the forward propagation and backward propagation
processes of a CNN.

where S is the total number of training samples. L(k) can be minimized by the
backward propagation using a gradient descent algorithm. The backward propagation
algorithm can help to compute the gradient by allowing the information from the loss
function to flow backward through the network [40]. During backward propagation,

the weight of the last layer, i.e., k3, can be updated by:

IL(k)

ks =ks—p ks

(2.20)

IL(k)
ok

where p is the learning rate. is the gradient of the loss function L(k) over the

weight of the nth layer, which can be computed following the chain rule [40]:

dL(k) _ JL(k)dyy  dTni1 Iy, dxn

Jky  duyy dzy | Ou, dzy Ik .21
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where N is the number of layers. The training process of a NN is comprised of forward
propagation and backward propagation, as shown in Fig. 2.5. The update process in

(2.20) will repeat until it converges.

2.3.1.2 Categories of Deep Learning Algorithms

There exist many DL architectures with different types of layers used for various
tasks, such as the fully-connected DNN, CNN, Recurrent Neural Network (RNN),
Autoencoder (AE), and Generative Adversarial Network (GAN). This subsection
briefly introduces several network architectures relevant to the DL-based channel
estimation and signal detection schemes in Chapters 3 and 5. Except for these generic
data-driven DNN architectures, we propose two model-driven DL architectures with

specialized network skeletons, which will be described in Chapters 4 and 6.

Multilayer Perceptron Multilayer Perceptron (MLP), also called fully-connected
DNN, is a basic DL architecture. An MLP with two hidden layers is illustrated in Fig.
2.6 (a), where each node indicates a computational unit called a neuron. In a neuron,
each output of the neurons in the previous layer is multiplied by a corresponding
weight. In other words, each neuron is connected to adjacent layers, and the weights
represent the strength of the connections. Then, the bias is added to the weighted
sum of the input, and the data is finally processed by an activation function like
Equations (2.15)-(2.17). MLPs can be trained efficiently to learn the best parameter
set to minimize the loss function via the stochastic gradient descent optimizer or
its variants. However, due to its fully-connected structure, MLP requires to learn a
substantial number of weights, which leads to high complexity, especially for high-

dimensional input data.
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Figure 2.6: The typical structure of MLP and CNN.

Convolutional Neural Network Based on the ideas of sparse interaction, parameter
sharing, and equivariant representations, CNN is proposed to reduce the number
of trainable parameters and improve the performance of traditional DNNs in high-
dimensional data processing tasks [40]. With special layers for convolution, CNNs
are particularly useful in processing the data with grid-like structures, such as two-
dimensional (2D) images. As shown in Fig. 2.6 (b), a typical 2D convolutional layer
takes the matrices with one or more channels as the input. Unlike full connections
between the layers of MLPs, each locally connected kernel in the convolutional
layer slides across the whole input matrix and forms a feature map. In addition to
its remarkable achievements in image processing, CNN has started to show great
potential in signal estimation and recovery problems, which will be demonstrated in

the following chapters.
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2.3.2 Deep Learning Applications in PHY Communications

DL techniques provide a new option for designing advanced wireless communication
solutions. The standardization body International Telecommunications Union (ITU)
has proposed the initiative for involving DL in future cellular networks and suggested
various application cases [41]. Thus, DL-based schemes have been applied to different
layers of wireless communications. For example, hierarchical Clustering is used for
anomaly detection in mobile wireless networks [42]. In [43], the authors propose a

data-driven resource management framework for ultra-dense small cells.

In recent years, DL has garnered growing interest in signal processing applications in
the physical layer, e.g., interference management [44], modulation recognition [45],
and channel coding [46]. Since the receiver design, including channel estimation and
signal detection, is the focus of this thesis, we mainly introduce the relevant DL-based

schemes in the rest of this subsection.

For realistic channels that may be non-linear and non-stationary, the analytical form
of the optimal estimator is difficult to be derived [8]. On the contrary, DL-based
estimators can be optimized for complicated channel environments through training
and do not restrict to any specific channel statistics. In [47], an autoencoder-based
channel estimation solution is proposed for vehicle-to-everything systems. To better
adapt to time and frequency selective channels, the authors in [48] introduce online
learning into a DNN-based channel estimator for single-input single-output (SISO)-
OFDM systems. For mmWave MIMO systems, a DL-based scheme regards the
channel matrix as an image and denoises it [49]. Moreover, a novel DL-based
framework is developed for uplink channel estimation in hybrid analog-digital massive

MIMO systems [50].
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Compared with the SISO-OFDM or single-carrier MIMO systems in the abovemen-
tioned papers, the channel estimation task in massive MIMO-OFDM systems is more
challenging due to high-dimensional channel matrices. By viewing the channel matrix
as an image and exploiting the spatial and frequency correlation, CNNs have strong

potential to achieve competitive estimation performance, as demonstrated in [51].

In signal detection, the aim of classical detection theories is to find the best estimate of
received symbols, while data-driven deep learning tries to learn the optimal detection
algorithm. In [9], [52], the authors propose an AE as an end-to-end transceiver system
instead of considering the traditional block-based architecture. Unlike symbol-by-
symbol detection schemes, an RNN-based sequence detection algorithm is proposed
for molecular communication [53]. However, these detection solutions do not consider
multi-carrier modulation schemes like the widely-used OFDM. With the assumption
of perfect CSI, the authors in [54] use the extreme learning machine to detect OFDM

symbols.

Existing data-driven DL-based detectors have a series of limitations, such as the
unexplainable structure, which prevent their implementation in some realistic com-
munication systems. In addition, training the generic DNNs of these schemes requires
a long training time as well as a very large training dataset, which is currently scarce
in wireless communications [55]. These findings motivate some researchers and us to
fuse expert knowledge with data-driven DNNs, resulting in model-driven DL-based
receivers. With the aid of traditional algorithms, a model-aided DNN-based receiver
can handle non-linear power amplifiers in MIMO-OFDM systems [56]. There is
another way to realize the combination of model-based algorithms and DL techniques,
1.e., deep unfolding. Instead of finding the optimal values for step sizes like the o and
B in (2.14) analytically, the CG-based network in [57] learns to optimize these step

sizes via deep unfolding tools.
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2.4 Summary

In this chapter, we first introduce large-scale and small-scale fading in wireless mobile
communication channels, which is particularly useful for understanding the frequency-
selective and time-variant channels used in Chapters 3-5. Next, for the complicated
massive MIMO-OFDM systems considered in Chapters 4-6, the benefits, technical
challenges, and relevant signal detectors are discussed. Then, the training and inference
process of DNNGs is illustrated with an example of a CNN architecture which will be
used in Chapters 3 and 5. Finally, some DL-based solutions in PHY communications

are briefly described.

Due to the constant growth of mobile devices in addition to complicated scenarios
and unknown channel models in future communications, deep learning has become
a promising approach for PHY communications. However, DL is not yet well-
investigated in massive MIMO systems, and there exist some open issues to be
solved [31]. For instance, most prior works are based on generic data-driven DL
architectures, which heavily rely on a huge amount of data and time-consuming
training. Unfortunately, in the wireless communications domain, the amount of training
data is not comparable to the huge data sets used for core DL applications like
computer vision [8]. Moreover, from the perspective of the no free lunch theorem,
we should design specialized DL algorithms to perform well on a specific task rather

than seek a universal or absolute best learning algorithm [40].

Motivated by these findings, we investigate how to integrate state-of-the-art DL
techniques with communications domain knowledge efficiently. The core of this thesis
is to develop model-driven DL-based receivers for massive MIMO-OFDM systems and
realistic channels, which can achieve a reasonable trade-off between performance and
complexity. In Chapters 3 and 5, several model-based algorithms are used to aid the

proposed DNN-based channel estimators and signal detectors, resulting in the model-
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aided DL architectures. On the other hand, Chapters 4 and 6 use another way to realize
the idea of model-driven DL, i.e., unfolding the iterations of specialized algorithm
architectures as the layers of neural networks and training their parameters via DL

tools.



Chapter 3

Deep Neural Network-based Channel
Estimation and Signal Detection for OF-
DM Systems

3.1 Introduction

Orthogonal frequency-division multiplexing (OFDM) is a multi-carrier modulation
scheme that has been widely used in modern digital communications like Long-
Term Evolution (LTE) and the fifth generation (5G) cellular systems to address
frequency-selective fading in wireless channels. For wideband mobile communication
systems, the radio channel is usually frequency-selective and time-variant [58]. For
proper recovery of transmitted symbols, channel state information (CSI) should be
estimated by the use of pilots which are known to both transmitter and receiver.
Generally, traditional channel estimation methods include least squares (LS) [59],
minimum mean-square error (MMSE), and their optimized versions based on different
interpolation schemes [60], [61]. Even if the channel estimation is optimal, the noise
and other distortions such as hardware impairments cannot be ignored at the receiver.
Thus, a robust detection algorithm is also necessary for OFDM systems. Considering
the high computational complexity of the maximum likelihood (ML) detector, the zero-

forcing (ZF) detector and the MMSE detector [16] are usually popular choices.

33
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Along with the increasing applications of advanced communication systems and the
corresponding complex channel models, conventional channel estimation and data
detection algorithms mentioned above form a computational bottleneck in real-time
implementation [2]. The resurgence of artificial intelligence (Al) techniques especially
deep learning (DL) offers an alternative option that is possibly superior to traditional

ideas with respect to performance [4].

3.1.1 Literature Review

Deep Learning is a class of machine learning techniques that consists of multiple
layers of information processing stages in hierarchical architectures [37]. The power
of DL has been shown in many challenging applications like computer vision and
speech processing [62], [63]. Recently, DL has garnered growing interest in the
mobile communication networking domain [5]. For example, DL has been applied
to different function blocks in the physical layer (PHY), e.g. modulation recognition
[45], CSI feedback [64], and a polar codes decoder [65]. Moreover, DL-based
channel estimation for vehicle-to-everything systems has been proposed in [47], which
introduces the autoencoder (AE) into the conventional data-pilot aided process. In
[49], the channel matrix of beamspace mmWave massive multiple-input multiple-
output (MIMO) systems is used as an image and then estimated by a denoising neural

network.

For signal detection tasks, there are several different DL-based schemes, such as se-
quence detection and symbol-by-symbol detection. Firstly, [53] presents the sequence
detection algorithm for molecular communication based on a recurrent neural network
(RNN). Secondly, the authors in [9], [52] propose an AE-based system to represent
the entire end-to-end communication system as an alternative to designing specific
modules in each traditional function block. The AE-based end-to-end system is further

extended to MIMO tasks under the simple Rayleigh fading channel in [66]. Also, there
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are some other studies in DL-based MIMO detection based on simple channel models
such as [67]. However, these abovementioned detection algorithms do not consider
realistic channel models or multi-carrier modulation schemes like OFDM. In [54], the
authors utilize the DL model to detect OFDM signals but assume the CSI is perfectly

known, which is unrealistic in practice.

Moreover, channel estimation and other blocks at the OFDM receiver are considered
as a black box and embedded in one fully connected deep neural network (FC-DNN) in
[68]. Even if its performance is competitive, the FC-DNN requires a long training time
together with a huge amount of training data to train a large number of parameters.
In addition, this end-to-end receiver is not designed to calculate the channel time-
frequency response explicitly. Hence, it is not efficient for some applications that
rely on accurate CSI like massive MIMO systems. Beyond this, an long short-term
memory-based OFDM receiver with a linear channel estimator is presented in [69].
Due to the limited expressive and generalization ability of linear neural networks
without activation functions, the channel estimator in [69] needs to use pilots in all
subcarriers before each data symbol is sent, which consumes significant spectrum

resources.

3.1.2 Contributions

In order to solve the issues mentioned above, in this chapter, we propose a hybrid
OFDM receiver named RecNet (an abbreviation of receiver network) which integrates
a channel estimation neural network (CE-NN) and a signal detection neural network
(SD-NN). The CE module in our system can estimate the time-frequency response of
fast time-variant and frequency-selective channel models. In the 2D (time-frequency)
channel matrix, only the channel response at the pilot positions is known. The
remainder of the channel response is estimated by the proposed convolutional neural

network (CNN)-based CE-NN. The output matrix of CE-NN includes the complete
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CSI that is used for the detection of received signals. Then the original bits are

recovered by the fully connected SD-NN which jointly conducts detection and

demodulation. Both the proposed CE-NN and SD-NN are trained offline with the aid of

traditional communication algorithms, which can be referred to as model-driven deep

learning. The main contributions of this chapter are presented as follows:

1.

By exploiting the parameter sharing and learning capacity of CNN, a low-
complexity channel estimator, CE-NN, is designed for 2D channel estimation.
Compared with the end-to-end DL-based receivers like [9], it can provide
explicit CSI for the equalizer to obtain further performance improvement.
Moreover, due to the robustness of CE-NN to the small number of pilots, our
design of lattice-type pilots has high flexibility depending on how fast the
channel changes in the time and frequency domain. This approach can provide

a good trade-off between estimation accuracy and the number of pilots used.

With the help of the channel information obtained by the CE-NN and the
initialization aided by traditional ZF equalization, the SD-NN in RecNet is
trained to converge much faster and requires fewer training data than the data-
driven solutions in the literature. In addition, to detect more data bits with one
neural network, we develop a series of data preprocessing and optimization
schemes to compensate for the performance reduction caused by the bigger
output layer without increasing the model complexity. As a result, with lower
overall complexity, RecNet achieves better performance than the state-of-the-
art OFDM receiver in [68]. Finally, according to our simulation results, the
robustness of the proposed OFDM receiver is demonstrated both in terms of

SNR and length of the cyclic prefix (CP).
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It is worth mentioning that a state-of-the-art NN-based OFDM receiver in [70] also
includes a channel estimation network. However, the network architecture we used
and the ways we utilize the estimated CSI are different. Our system achieves better
performance and faster convergence speed by using CSI in the receiver, while the

performance gain in [70] is mainly from the CSI-aided precoder.

The rest of this chapter is organized as follows. Section 3.2 provides the background
and mathematical description of the OFDM system we considered in this chapter.
In Section 3.3, we present the architecture of the proposed channel estimator and
the model details of CE-NN. Section 3.4 introduces the technical challenges, data
preprocessing, and model tuning schemes of SD-NN in detail. In Section 3.5, simu-
lation results and analysis of complexity are shown to demonstrate the performance
and robustness of our low-complexity algorithms when compared to other channel
estimation and signal detection methods. Finally, Section 3.6 provides the conclusions

to this chapter.

3.2 System Model

Generally, there are three elements: the transmitter, wireless channels, and the receiver
in an OFDM communication system. The architecture of the OFDM system with the

proposed DL-based receiver is provided in Fig. 3.1.

The OFDM transmitter modulates the message bits into a sequence of Quadrature
Amplitude Modulation (QAM) symbols. Then these symbols will be subsequently
converted into N parallel streams. Each of the N symbols from the serial-to-parallel
(S/P) conversion is mapped to a different subcarrier. After the inverse fast Fourier

transform (IFFT) operation, the cyclic prefix (CP) that should be longer than the
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Figure 3.1: The architecture of OFDM system with the proposed DL-based receiver.

maximum delay spread of the multipath channel is added in the front of OFDM
symbols to mitigate intersymbol interference (ISI). Then, the time-domain signal with
CP is converted back to serial form and transmitted to propagate through the multipath

channel {h(1)}/, ! with L paths. The received signal in the time domain is:

y(1) =x() @ h(1) +n(1) (3.1)

where ® means circular convolution, and x(1), h(1), and n(l) are the transmitted signal,
the channel impulse response (CIR), and the additive white Gaussian noise (AWGN),
respectively. After CP removal and the fast Fourier transform (FFT) operation, the

received signal for the kth subcarrier can be expressed as:

y(k) = H (k)x(k) + n(k) (3.2)

where x(k), H(k), and n(k) represent the transmitted signal, the channel response, and

the noise in the frequency domain, separately.

The wireless channel considered in this chapter is not only frequency-selective but
also time-varying (i.e. doubly-selective). Thus, estimating the channel response for the

entire OFDM frame that is composed of the OFDM symbols in different time slots is
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necessary. In our system, the coherence interval of the fast-varying channel model is
equivalent to one OFDM symbol, that is, the channel response is varying between each
OFDM symbol. So the time-frequency response of the channels can be considered as
a 2D matrix. For the jth time slot and kth subcarrier, the transmit-receive relationship

in (3.2) can be further represented as:

Y (k) = Hj(k)x;(k) +n,(k) (3.3)

where H;(k) is the (k, ) element of H € CX*T and H is a matrix containing the
channel response of all K subcarriers and T time slots in a frame. The output of
the channel estimation module (CE-NN), H,; which contains the complete estimated
values of His then used for the initialization of the detection network (SD-NN). These

two neural networks are highlighted in green color in Fig. 3.1.

3.3 Channel Estimation Neural Network (CE-NN)

3.3.1 CNN-based Channel Estimation

The CNN was first presented in [71] three decades ago and has become one of the most
popular neural networks. Due to the underlying ideas of parameter sharing, equivariant
representations, and sparse interactions, CNN performs better than traditional DNNs
in high-dimensional data processing tasks, especially image processing. The essential
motivation for introducing a CNN into channel estimation is the parameter reduction
capability of CNN, which is important for achieving a low-complexity channel
estimation network. Furthermore, the CNN is suitable to process the time-frequency

channel response that has a similar 2D structure to images.
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Figure 3.2: The proposed CNN-based channel estimation scheme.

For pilot-based channel estimation methods, the pilot pattern is the basis for the
subsequent work. Basically, there are three different types of pilot patterns: block-type,
comb-type, and lattice-type. Among them, the lattice-type pilot is very suitable for the
estimation of frequency-selective and fast-fading channels. For the one-dimensional
(1D) DNN-based channel estimation [69], the channel in each time slot is estimated
by a full OFDM symbol with block-type pilots in the frequency domain. Compared
with this scheme which needs several full pilot symbols and 1D-NNs to estimate the
channel response for the whole OFDM frame, the proposed combination of lattice-type
pilots and a 2D-CNN can significantly decrease the required number of pilots and the
computational complexity for channel estimation. It is because the lattice-type pilot
we developed is inserted along both time and frequency axes, and the corresponding
CNN-based CE-NN can jointly estimate the channel response in all time slots of the

whole OFDM frame.

The flowchart of the proposed CNN-based channel estimation is shown in Fig. 3.2.

Unlike pure data-driven schemes, the proposed CE-NN is initialized by a conventional
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channel estimation to improve the convergence and performance. First, the initial

channel response at the pilot positions is calculated by the use of the LS method:

H,=y,/x, (3.4)
where x,, indicates the known pilot values and y, is the corresponding received values
after FFT. To get the complete channel matrix including the channel response at both
pilot and data subcarriers, 2D interpolation corresponding to the lattice-type pilots
should be applied, i.e., the I-Alp in (3.4) are interpolated in time and frequency axes
to obtain the initial channel values at non-pilot positions. Here we adopt the bicubic
interpolation method customized to our 2D lattice-type pilot pattern. It can generate
a smoother interpolated surface than other 2D interpolation schemes, such as bilinear
interpolation or nearest-neighbor interpolation. The interpolated values of the bicubic

method can be calculated as:

33
fy) =) apy/ (3.5)
i=0 j=0

where a; ; denotes the interpolation coefficient, and X, yj are the coordinate values
of along two axes. There are many super-resolution techniques for image processing,
such as interpolation-based, sparse-coding-based [72] and learning-based schemes
[73]. If consider the estimated 2D channel response H » at the pilot positions as a low-
resolution image, then both the bicubic-based interpolation and the proposed CE-NN
in Fig. 3.2 can be viewed as the super-resolution reconstruction. To further enhance the
estimation performance for doubly-selective channels, we combine traditional channel

estimation based on interpolation with the CNN-based CE-NN. More precisely, the
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received pilots are first preprocessed by the LS algorithm (3.4) and bicubic-based
interpolation (3.5) for initialization. Then the coarse 2D channel matrix Hj,, with
interpolated errors is fed to CE-NN to yield denoised values of channel response in all

time slots and subcarriers, i. e. H,y, as shown in Fig. 3.2.

3.3.2 Model and Training Specification of CE-NN

In our OFDM system, each OFDM symbol that has K = 64 subcarriers is transmitted
in a time slot, and each OFDM frame has 7 = 14 symbols. Note that the real and
imaginary parts of the complex-valued H,, need to be separated and then input into
CE-NN. Thus, for each OFDM frame, the input size of CE-NN is (64, 14,2). (64,14,2)
is also the size of H,y, i.e. the output of CE-NN. Since the input and output of each
layer in CE-NN have the same size, there is not a specific input layer in CE-NN. It
just consists of three convolutional layers. In general, a convolutional layer includes
multiple convolutional filters. Each of them processes data only for its receptive field
and then the summation is calculated by a sliding window. The first layer takes the

matrix Hj,, ), as input and produces the output as follows:

S1=f(WixHyp+ci) (3.6)

where W1, ¢, and S indicate the convolutional filters, the biases, and the output of
the first layer, respectively. The second and third layers will do the same with the new
inputs S| and .S,. The operator * means the convolution operation, and f(-) denotes the
activation function. A linear activation function is used in the third layer to reconstruct
the final output, and the first two layers utilize the Rectified Linear Unit (ReLU) as

their activation function:

F,(a) = max(0,a) 3.7
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Table 3.1: The layers and parameters of CE-NN.

Filter Activation Weight Trainable
Layer
number, size function initializer parameters
Convolutional
64,9%x9 RelLU He norm [74] 5248
layer 1
Convolutional
32,1 x1 ReLU He norm 2080
layer 2
] Tru norm,
Output layer 1,5%x5 Linear 801
stddev = 0.001

The input matrix of CE-NN is the sample set of H;;;, and the corresponding output is

the set of H ;.

The summaries of CE-NN’s parameters, such as the number of filters and the number
of trainable parameters, are all included in Table 3.1. The first layer has 64 filters
of size 9 x 9, and the second layer has 32 filters of size 1 x 1, which are suggested
by [73]. The last layer uses only one filter of size 5 X 5 to reconstruct the channel.
The increase of filter number and size in each layer can decrease the error of CE-
NN, but the choice of network scale is always a trade-off between performance
and complexity. He norm denotes the normal distribution-based weight initialization
scheme proposed in [74], which shows the state-of-the-art performance especially in
the hidden layers with ReLLU activation. Tru norm is the truncated normal distribution-
based weight initializer, and stddev means the standard deviation. According to our
experiments, for the last layer with linear activation function, Tru norm with stddev =
0.001 outperforms He norm in our situation. Moreover, the total number of trainable

parameters for a convolutional layer in Table 3.1 is calculated in the following function:
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N, = CK*F,+F, (3.8)

where C; denotes the input channel, K is kernel size, and F,, is the number of filters used
in the convolutional layer. The computational complexity of CE-NN will be calculated

together with SD-NN as a complete OFDM receiver in Section 5.

The Adam optimizer is employed with the default settings in [75], except the initial
learning rate is 0.002 with a batch size of 256. Like some other hyper-parameters in
Table 3.1, these two values are also empirical choices. To be more precise, we find
this initial learning rate can increase the convergence rate and also improve the model
performance on the test dataset. Correspondingly, the batch size is also increased from
128 to 256, which can help the proposed CE-NN converges more stably within a short
convergence time. In the training phase, we generate the CIR based on the WINNER
IT channel model [27], which is convolved with the random transmitted signals in the
time domain, as in equation (3.1). As discussed in Subsection 3.3, the received pilot
signals are preprocessed to get the initial estimates of channels, i.e. Hj,,,, which are
then packaged into the different training and testing datasets in the frequency domain.
After this, the original CIR is converted into the CFR used as the training label of CE-
NN. The trainable parameters are updated according to the mean squared error (MSE)
loss function, and this network only needs to be trained by 100 epochs. Finally, the
output of CE-NN is reshaped as a new complex-valued matrix H that is then used
to improve the performance and convergence speed of the detection network SD-NN,

which will be described in the following section.
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3.4 Signal Detection Neural Network (SD-NN)

In the era of big data, the deep neural network (DNN) has been proven to be a
well-performing universal approximator [39] due to its ability to handle large data
and learn features automatically. With the help of a huge amount of labeled data,
a data-driven DNN is usually the first choice in many fields, especially in natural
language processing and computer vision. However, training a data-driven network
requires sufficient labeled data and computing resources, both of which are rarely
found in wireless communication devices. In addition, the extensive training time
and high computational complexity of the pure data-driven DNN model make its
hardware implementation in most of the physical layer applications very challenging.
Inspired by the model-driven concept of deep learning [76] and its extension in
communication [55], we propose an NN-based OFDM receiver, RecNet. The most
crucial characteristics of RecNet are fast convergence, low complexity, and reduced
numbers of pilots, which are achieved by the model-aided design and further model
optimization of the CE-NN presented in Section 3 and SD-NN described in this

section.

3.4.1 Technical Challenges

The explosion of advanced wireless applications, such as virtual reality and Internet of
things, has propelled the development of wireless communication into 5G to achieve a
thousand-fold capacity, millisecond latency, and massive connectivity [2]. As one way
to meet these requirements, the modulation order has increased from 4-QAM in 3G
to up to 256-QAM in 5G. Accordingly, the design of signal detectors corresponding
to higher-order modulation becomes more challenging. For the DL-based OFDM
receivers in [68] and [70], Quadrature Phase Shift Keying (QPSK) (or 4-QAM) is

used for modulation. For the OFDM systems with 64 subcarriers in these papers, there
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are 128 bits in one OFDM symbol that need to be detected. As an example, the output
size of the neural network in [68] is only 16, which means the detection of each OFDM
symbol needs eight independent NNs under 4-QAM. The ComNet proposed in [69] has
a similar problem. Obviously, these kinds of solutions are not very efficient for high-
order modulation schemes of 5G which would require tens of NNs just for one-symbol
detection. Furthermore, the high overall system complexity makes these systems hard

to be implemented on the chips like Field Programmable Gate Arrays (FPGA).

As well as the computational complexity, the convergence speed should also be
considered as a critical performance indicator for NN-based detectors, which makes
an efficient design of DL-based detection algorithms challenging. Without the help
of explicit CSI and model-aided initialization, the training process of some DL-based
detection solutions requires massive data and extensive time (e.g., spending a day for
single training with thousands of epochs) to converge, e.g. [67], [68]. In conclusion,
low complexity and fast convergence are essential for the implementation of DNN-

based schemes in PHY layer communications.

3.4.2 The Architecture of RecNet

Fig. 3.3 shows the complete architecture of the proposed RecNet. Based on the
domain knowledge of OFDM systems, equalization is the main way to mitigate
channel distortion via introducing the estimated CSI into received signals. After the
transmission process in (3.3), the complex received signal y is used as one input of
the ZF equalizer, and another input H is the complex-valued version of the CE-NN’s
output H,;. The ZF-based equalization function for the jth OFDM symbol can be

expressed as:

2 =y /H; (3.9)
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Figure 3.3: The architecture and data flow of the proposed RecNet.

With the help of estimated CSI, the ZF equalizer can maximally eliminate the ISI of the
received symbols and provides a proper initial value x;,;;, 1.e. the input of the detection
network SD-NN. Thus, the ZF equalization (3.9) is used as initialization for SD-NN
in a model-aided manner, as shown in Fig. 3.3. However, the ZF equalizer can have
a huge performance loss under low SNR conditions since it does not take the noise
information into account. Hence, the detection network, SD-NN will take the output of
ZF equalizer to denoise, demodulate and mitigate other non-linear distortions that are
difficult to be formulated and processed by well-defined mathematical models. Note
that the input of SD-NN, x;,;; needs to be separated in the real part R{ax;,;} and
imaginary part 3 {@;; } first and then concatenated. Each OFDM symbol is composed
of 64 subcarriers, so the input size of SD-NN is 128. In Fig. 3.3, the label b and loss

function are only applicable to the training process.

As shown in Fig. 3.3, apart from the input layer, SD-NN includes two hidden layers and
an output layer. These four layers can be described mathematically by the following

equations:
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I = xjp;
hy =F(WiZini +c1)
(3.10)
hy = F.(Whh| +¢2)

by = Fs (W3ha +c3)
where I, hy, hy and by, represent the outputs of these four layers respectively, and

W, ¢; indicate the weights and bias of the SD-NN. F,(-) is the ReLU activation in

function (3.7) and F(+) denotes the sigmoid function as follows:

B 1
C l4e*

Fy(x) (3.11)

As the label of SD-NN is the original binary symbol b, sigmoid activation is utilized
in the output layer to map the output in the range (0, 1). Since the aim of the proposed
SD-NN is to get the output vector b, that is close to the training label b, the trainable

parameters 0 = { W, 01}13:1 are optimized through the following L, loss function:

N
o1
L2(b§bdez(winita9)):memﬁznbn_ el (3.12)
n=1

where N indicates the amount of training data, and b", b}, are the supervision label

and the network output that corresponds to the nth training sample, separately.

Table 3.2 illustrates the details of SD-NN’s configuration, including the layer size,
activation function, weight initializer, and the number of learnable parameters for each
layer. As mentioned above, the size of the input layer is 128. There are 300, 150,
and 128 neurons in the three fully connected (FC) layers, respectively. As shown in
equation (3.10), ReL.U is still the activation function of all hidden layers, and the
sigmoid activation is adopted in the output layer. Weight initializer 1 and Weight

initializer 2 are the different weight initializers used in the two different configurations
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Table 3.2: The layers and parameters of SD-NN.

Layer | Activation Weight Weight Trainable
Layer ) . e s R,
size function initializer 1 | initializer 2 | parameters
Input 15 0
layer
Hidden Tru norm,
layer 1 300 ReLU stddev = 0.01 Xav norm 38700
Hidden Tru norm,
layer 2 150 RelLU stddev =01 Xav norm 45150
Output . . Tru norm,
layer 128 Sigmoid stddev = 0.05 Xav norm 19328

which are designed for varying degrees of non-linear effects. Tru norm and Xav norm
denote truncated and Xavier normal distributions, respectively. Further details of these
two configurations will be discussed in the next subsection. Moreover, the formula to

calculate the number of trainable parameters for the FC layers in Table 3.2 is given by:

M, =N:N,+N, (3.13)

where N; and N, are the input and output sizes of each layer, respectively.

3.4.3 Data Preprocessing

As presented in Table 3.2, the model size of the SD-NN in this chapter is just slightly
bigger than the one we proposed in [10], but its output size is increased four times
from 32 to 128. With the help of the bigger output layer, one neural network can detect
more bits, so the overall complexity of the receiver system is dramatically decreased.
However, according to our simulation, if we simply increase the output size of the NN-
based detectors without increasing the network size like layer width or model depth,

the performance will noticably decrease at the same time. As discussed in Subsection
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3.4.1, it is also why one network in [68] and [69] only detects the bits for 8 consecutive
subcarriers. To compensate for the performance loss of the bigger output size of SD-
NN without increasing the training time and model complexity, we develop a series of

data preprocessing and model optimization schemes.

First, the analysis of the input data is essential for data preprocessing. As shown in Fig.
3, the input of SD-NN is x;,;;. According to the scatter plots of the data in equation
(3.9), the equalized signal x;,;; has several very large values (outliers) compared with
the received signal y, since there are some very small values of channel response in
the matrix H. For example, for the same training batch, the range of x;,;; is [-88.2,
97.4], but the range of y is only [-1.4, 1.57]. This makes x;,;; hard to be handled by the
SD-NN with small initial weights. Thus, the normalization for such equalized signals

is necessary to help SD-NN perform better and converge faster.

Table 3.3 compares the data range, mean and standard deviation of x;,;; with different
normalization schemes. Even if the Min-Max normalization can scale the input data
into (0, 1), which is similar to the range of the training labels, it is still not a good
choice in our system. This is because it makes the difference between input samples
become too small and it cannot handle the outliers like some very large values of x;y;;.
According to the histogram and the small standard deviation 0.0155, most values of
Zini; are very close to the mean 0.4752 after Min-Max normalization. Unlike the Min-
Max method, the Z-score normalization can scale the input data into a proper range
and maintain the distance between samples. The mathematical expression of Z-score

normalization 1is:

F.(x) = (3.14)
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Table 3.3: The range and distribution of the input data with different normalization.

Tinit with Min-Max with Z-score
Range [—88.2,97.4] | [0.00034,0.99985] | [—30.65,33.93]
Mean 0.0255 0.4752 5.88 x 1077
Standard Deviation 2.8734 0.0155 0.9999

where u and o denote the mean and standard deviation of the data x, respectively.
As shown in Table 3.3, x;,; is approximately rescaled to be a standard normal
distribution with mean zero and standard deviation one, which makes the random
training and testing data that are equalized by the fast-varying channel response satisfy

the independently and identically distributed (i.i.d) assumption.

3.4.4 Model Tuning

For the tuning of deep learning models, choosing the depth of the network and the
width of each layer are the primary considerations. The successful implementation of
neural networks with deeper structures which are often harder to train and optimize
is an excellent achievement of machine learning techniques. However, on the basis
of our experimental results, the deeper network is not always better for the OFDM
detection task in this chapter, especially considering the trade-off between performance
and complexity. With the same parameter settings, the SD-NN with 512, 256, and 128
neurons in 3 hidden layers only has a 5% lower average bit error rate (BER) but 2.45
times more trainable parameters than the one with 2 hidden layers in Table 3.2. Because
the trade-off between computational complexity and performance is usually the main
consideration of communication algorithms, using the smaller size neural network with

proper training strategies may be a good compromise.
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Table 3.4: The two different configurations of SD-NN.

Weight Batch Initial Learning rate
initializer | normalization | learning rate | decay strategy
Config] Truncated o 0.001 Step decay,
normal every 20 epochs
Config? Xavier Before the 0.002 Natural
normal output layer exp. decay

As mentioned in [37], the no free lunch theorem for machine learning implies that
we must design our machine learning algorithms to perform well on a specific
task rather than seek a universal learning algorithm or the absolute best learning
algorithm. Coincidentally, the goal of the wireless signal detection algorithms is to get
a good trade-off between performance and complexity in a specific radio environment.
Therefore, to address the technical challenges in Subsection 3.4.1 and adapt to different
levels of non-linear effects, we propose two different configurations of SD-NN. Table
3.2 and Table 3.4 give the differences between the first configuration (configl) and the
second configuration (config2), including the weight initializers and the strategies of

learning rate decay.

In the training phase, the proper initial values of weights can help DL models converge
rapidly and find global minima. For the normal situation without non-linear effects, the
weights of each layer are initialized by the truncated normal distribution with different
standard deviations, as shown in Table 3.2. In this case, the standard deviations can be
manually set to get a competitive performance based on the analysis of input data and
the trials of training. When only a very few pilots are used in the pilot symbol, and the
CP length is shorter than the multipath delay, bigger errors of channel estimation and
non-linear effects will be introduced in the input data of SD-NN. In this situation,

it is difficult to find empirically a suitable setting for weight initializers based on



3.4. Signal Detection Neural Network (SD-NN) 53

truncated normal distribution. For the SD-NN with sigmoid activation in the output
layer, the Xavier initializer [77] is utilized as the weight initializer of the config2, as it
outperforms the He initializer. Additionally, we add a batch normalization layer before

the output layer to further reduce the potential influence of bad initial weights.

As one of the most critical hyper-parameters of deep learning, learning rate (LR)
should be considered first along with the optimizer in the optimization phase. Usually,
the Adam optimizer only needs an initial value of LR like the default 0.001 [75], since
it can adapt the LR as learning unfolds. While in our practice of SD-NN’s training, the
Adam with the learning rate decay outperforms that with fixed initial LR. As shown in
Table 3.4, there are two different configurations of SD-NN in this chapter. For configl
without considering non-linear effects, we design a step decay with two different decay
rates based on lots of experiments and analysis. The LR starts at 0.001 and attenuates
every 20 epochs for the 100-epochs training process. The decay rate at the 20th, 60th,
and 100th epochs is 0.8, and at the 40th and 80th is 0.5. Under the situation with non-
linear effects such as short CP, it is difficult to empirically find a proper setting of
step or polynomial LR decay. Therefore, we utilize the natural exponential decay for
config2, which is smoother than the step decay and attenuates faster than the normal
exponential decay. The initial LR and decay rate of this natural exponential decay are

0.002 and 0.8, separately. The batch size for the two configurations of SD-NN is 400.
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3.5 Simulation results

In this section, several experiments have been conducted to demonstrate the per-
formance and robustness of the 2 proposed neural networks for different lengths
of CP and a range of SNRs. Simulation results of the conventional algorithms for
channel estimation and signal detection are also involved in the following figures
as the benchmark of the proposed scheme. Moreover, the comparison and analysis
of the required number of pilots per symbol, convergence speed, and computational

complexity between different OFDM receivers are also provided.

In our experiments, each OFDM frame consists of 14 OFDM symbols in the 14
time slots, which is consistent with the OFDM data frame of LTE and 5G new radio
(NR). and each symbol contains 4 pilot subcarriers and 60 data subcarriers among 64
subcarriers. The length of the CP is 16 which is equal to the maximum delay spread
of the multipath channel. The sizes of training, validation, and testing datasets of both
CE-NN and SD-NN are 32000, 4000 and 4000, respectively. Both the original bits,
wireless channel response, and AWGN are synthetic data. The simulation data of the
wireless channel is generated based on the channel model named WINNER II [27] for
the Non-Line of Sight (NLOS) scenario which is challenging for channel estimators.
The multipath number is 24, and the carrier frequency is 2.6 GHz, which is similar
to the channel configuration in [68] for a fair comparison. 16-QAM is used as the
modulation scheme in our simulation. Moreover, the entire OFDM system, including
the proposed CE-NN and SD-NN, is implemented in Python simulation platform with
a TensorFlow backend. All the experiments including model training are run on a
standard personal computer equipped with an Intel 17-8700 CPU and Nvidia GTX
1070 GPU. For the DL-based channel estimation and signal detection, MSE and BER

are used as the performance metrics, respectively.
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Figure 3.4: MSE curves of CE-NN and LMMSE versus the number of pilot signals.

3.5.1 Channel Estimation Performance

The CSI which is obtained by channel estimation algorithms not only can be used
in equalization to improve the performance of signal detection, but also supports
techniques used at the transmitting side like beamforming. Generally, the ideal MMSE
estimator has the optimal performance with the help of perfectly-known channel
correlation matrix, but that is unrealistic in practice. Therefore, a suboptimal version
of MMSE, linear minimum mean-square error (LMMSE) which outperforms the LS
estimator, is implemented as the baseline for the proposed CE-NN. More details of

CE-NN’s parameters are presented in Section 3 and Table 3.1.

Fig. 3.4 presents the results of both LMMSE and CE-NN at a low SNR (SNR =5
dB) and a moderate-high SNR (SNR = 20 dB) for different number of pilots. Note
that the pilot numbers along the X-axis in Fig. 3.4 mean the average number of pilots

used in each OFDM symbol (each time slot). When the pilot number is smaller than

16, CE-NN has a much lower MSE than LMMSE for both SNRs, especially when
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only 4 pilots are used in an OFDM symbol. For conventional CE methods, it is hard
to obtain accurate estimation and interpolation without full knowledge of channel
models. By contrast, the CE-NN can compensate for interpolation errors and minimize
MSE further by learning the underlying structural features from the image-like 2D-
interpolated channel matrices. Beyond 32 pilots, LMMSE starts to show a trend of
saturation, but CE-NN still has the potential to reduce the MSE if more pilots are used.
In addition, the FC-DNN in [68] requires up to 64 pilot subcarriers in a time slot, even
if it does not explicitly estimate the CSI. We will compare the BER performance of the

proposed RecNet and FC-DNN in the next subsection.

Moreover, in this figure, the gap of MSE performance between LMMSE and CE-NN
1s more significant at SNR =5 dB than at SNR = 20 dB. For example, the CE-NN with
16 pilots has comparable performance to the LMMSE with 32 pilots when SNR =5
dB, while CE-NN needs 24 pilots to achieve a similar MSE as the 32-pilot LMMSE
when SNR = 20 dB. This is because low SNR has a huge influence on conventional
estimation methods like LMMSE, but this effect is not that great for our CNN-based
estimator. CE-NN can efficiently denoise the initial estimates that contain severe noise
for low SNRs. In conclusion, the numerical results in Fig. 3.4 demonstrate the superior
performance of CE-NN as well as its robustness against the small number of pilots and

low SNRs.

3.5.2 Detection Performance

As shown in Fig. 3.3, the equalized received signal is the input of the SD-NN. We
adopt the widely-used MMSE detection as the benchmark and also compare the
proposed RecNet with the state-of-the-art detection neural network [68] using a similar

configuration of the OFDM system but using higher-order modulation.
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Figure 3.5: Convergence curves of SD-NN under SNR =5 dB and SNR = 20 dB.

3.5.2.1 Convergence Property of SD-NN

The convergence curve of the proposed detection network SD-NN with configl is
illustrated in Fig. 3.5. There are only 56 pilots inserted into the whole frame that
includes 14 OFDM symbols. To completely show the saturation trend of the BER
curve, the training epochs are increased from 100 to 155. It is obvious that from the
point of epoch = 80, the BERs under both SNRs start to show a trend of convergence.
When the SNR equals 5 dB or 20 dB, the BER is 0.11 or 0.018 for 100 epochs,
which are both lower than the corresponding BERs of the FC-DNN under our system
configuration. With the help of the CE-NN in Section 3, the data preprocessing and

model optimization strategies in Section 4, SD-NN demonstrates the capacity of faster
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convergence compared to the FC-DNN [68] using 20000 training epochs. Furthermore,
the performance of SD-NN is not fully converged within 100, or even 155 epochs.
It still has the potential to reduce BER further with more training epochs, but the

performance is less improved than before.

3.5.2.2 Performance analysis of RecNet

Fig. 3.6 compares the detection performance of SD-NN with configl and config2,
the traditional MMSE detection scheme and other DL-based approaches for doubly-
selective channels. Note that the BER performance in this figure is obtained with
estimated CSI rather than for the unrealistic perfect CSI case. For the OFDM systems
with 16-QAM modulation and 64 subcarriers, there are 256 bits per transmitted symbol
that need to be detected. In the legend of Fig. 3.6, we use abbreviations for the OFDM

receivers with channel estimators and signal detectors as follows:

LMMSE-MMSE: The combination of conventional LMMSE channel estimation

and MMSE detection schemes. 16 pilots are used in each time slot.

. FC-DNN-64: The data-driven detection network [68] with 64 pilots in each time
slot. The size of the output layer is changed from 16 to 32 to adapt to 16-QAM,
which means the prediction of an OFDM symbol requires 8 independent FC-
DNNSs. The number of training epochs is 5000.

. FC-DNN-8: The FC-DNN with 8 pilots in each time slot. The output size is also
32, but the number of training epochs increases to 10000.

. RecNetl: The proposed RecNet consisting of CE-NN and the SD-NN with

the configl shown in Table 3.4. There are 56 pilots utilized for the channel

estimation of 14 OFDM symbols in 14 time slots, which is equivalent to only

4 pilots in each time slot. The output size of RecNet is 128, which means the

prediction of one OFDM symbol requires two RecNets. The number of training

epochs is 100.
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Figure 3.6: BER versus SNR curves of RecNet and other detection schemes.

. RecNet2: The proposed RecNet consisting of CE-NN and the SD-NN with the
config2 designed to resist non-linear effects. The pilot number and output size
remain the same as RecNetl, but the number of training epochs is increased to

120.

To demonstrate the robustness to different SNRs, the SD-NN in RecNet is trained
under a fixed SNR (10 dB), whereas the results of RecNet in Fig. 3.6 are obtained by
testing it over arbitrary SNRs. With the aim of compensating for the performance loss
from the ZF-based initialization at low SNRs, we train the SD-NN under a relatively
low SNR of 10 dB rather than a higher SNR. With the long-time allocated for training,
the FC-DNN-8 slightly outperforms the traditional LMMSE-MMSE with 16 pilots.
Compared to the FC-DNN-8, the FC-DNN-64 uses sufficient pilots to occupy all 64
subcarriers, thus achieving much lower BER at the cost of lower spectral efficiency.
Even if it only uses 4 pilots in an OFDM symbol, the proposed RecNetl still has better

performance than the FC-DNN-64 and FC-DNN-8 over all SNRs.
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Figure 3.7: BER curves of RecNet1 and RecNet2 in terms of CP length.

Moreover, the FC-DNN-64 [68] requires 5000 epochs to achieve the BER in Fig
3.6, while RecNetl starts to converge within 100 epochs, which is only 1/50 of the
number of epochs required for the FC-DNN-64. With the help of the proposed CE-
NN in Section 3, the model-aided architecture in Fig. 3.3, and the model tuning in
Subsections 3.4.3-3.4.4, RecNet achieves competitive performance, pilot saving and
fast convergence. Compared with the RecNetl which needs fine-tuning of the weight
initializers and learning rate based on a mass of experimental trials, RecNet2 performs

slightly worse in Fig. 3.6 without the non-linear effects.

Generally, the CP is necessary for OFDM systems to eliminate the ISI. However, the
long CP leads to extra costs and reduces spectrum efficiency. Fig. 3.7 provides the
BER performance of RecNetl and RecNet2 for different lengths of the CP. Both the
RecNetl and RecNet2 are trained at 10 dB SNR and tested at 20 dB SNR. When the
length of CP equals 1, 4, or 8 which is shorter than the maximum multipath delay 16,

RecNet2 shows a lower BER than RecNetl. However, RecNetl performs better than



3.5. Simulation results 61

RecNet2 when the CP length is sufficient (CP= 16). This is because the RecNetl is
well-tuned under the linear case, but its performance degrades under the case with non-
linear effects caused by the severe ISI. In contrast, the config2, including the different
designs of initializer, learning rate and batch normalization layer, makes the RecNet2
more robust to shorter CP. In particular, even when the CP length is only 1, RecNet2
still works well, and its performance degradation is not significant compared to that
with 16 CP. In summary, RecNetl has better performance under the linear case with
sufficient CP in Fig. 3.6, while RecNet2 has better robustness to non-linear effects
like the insufficient length of CP in Fig. 3.7. These numerical results demonstrate the
necessity to develop different configurations of the proposed SD-NN for varying levels

of nonlinearity.

3.5.3 Complexity analysis

The performance, robustness, and convergence speed of the proposed RecNet have
been demonstrated by our simulation results and analysis. In addition to these
key performance indicators (KPIs), computational complexity is also an important
evaluation index of deep learning models and data detection algorithms. It determines
the operating speed and energy efficiency of the hardware implementation of these
algorithms. Table 3.5 compares the KPIs of the proposed RecNet and other above-
mentioned OFDM receivers in detail. The RecNet in this chapter has two different
configurations, so there are two values of epoch number that correspond to RecNetl
and RecNet2 separately. Compared with both FC-DNNs, our RecNet requires less
training data, much fewer pilots and training epochs to converge into the lower BER.
Without considering expert knowledge, FC-DNN [68] uses a generic DNN architecture
and fully random initialization, thus requiring a large training dataset and a long

training time to converge.
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Table 3.5: The comparison of the pilot number, epoch number and computational
complexity for RecNet and competing OFDM receivers.

Batch Sl.Ze.Of Pilot number | Epoch number Complexity in
ize training per symbol | of convergence MFlops per
i dataset OFDM frame
Initial
RecNet [10] 400 | 32000 4 100 16.1
RecNet 400 | 32000 4 100/120 5.7
FC-DNN-
64 [68] 1000 | 50000 64 5000 64.5
FC-DNN-8 | 1000 | 50000 8 10000 64.5
LMMSE-
MMSE 16 e 22.3

Directly comparing complexity is not easy, especially for the time complexity affected
by complicated factors like simulation platforms and hardware implementation. To
visually compare the complexity, we calculate the number of floating-point operations
(FLOPs). For fully-connected DNNs like FC-DNN and SD-NN, the computational
complexity of a single forward pass is O < é;ll ni‘nfﬁ) , where L, n; and n,, are the layer
number of networks, input and output sizes of each layer, respectively. As mentioned
in Subsection 3.5.2, the output size of FC-DNN is only set to 32 for an acceptable
performance, which means four times the number of FC-DNNs are required compared
with the proposed SD-NN. Note that the complexity in Table 3.5 is for the detection of
14 symbols in the entire OFDM frame rather than only one OFDM symbol. With the
help of the CSI estimated by CE-NN and the model-aided initialization, the initial
version of RecNet [10] has a smaller size and lower overall complexity than FC-
DNN. In this chapter, a series of data preprocessing and model tuning strategies have

been developed to further reduce the complexity of the detection subnetwork SD-NN

without the loss of performance.
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3.6 Summary

This chapter proposes a novel deep learning-based scheme and corresponding design
methodologies for channel estimation and signal detection in OFDM systems. This
OFDM receiver is divided into two low-complexity NNs based on domain knowledge
in communications. First, a CNN is designed to estimate the doubly-selective channel
by viewing it as a 2D image. Simulation results show that this channel estimator
can efficiently refine conventional interpolated-based channel estimation and offer a
competitive accuracy, especially when only a few pilots are used. Due to the flexible
trade-off between the number of pilots and estimation performance, the proposed
OFDM receiver has the potential to adapt to different channel models and various

scenarios in the 5G era.

Based on the experiments and data analysis, several strategies of data preprocessing
and network tuning are designed to reduce the complexity and improve the perform-
ance of the fully-connected NN detector. With the help of these optimization methods
and the CSI obtained from our CNN, the receiver system requires much fewer training
epochs than prior data-driven solutions. Due to the fast convergence rate and small
training dataset size, this system can be trained rapidly to adapt to uncertain distortions
during online deployment. Besides, we develop two different model configurations
for varying degrees of non-linear effects. Our experiments with a short CP and a
small number of pilots show the robustness of the proposed receiver RecNet. Finally,
the computational complexity of RecNet and other OFDM receivers is compared to

demonstrate its low complexity.

In summary, the results in this chapter have demonstrated the superiority of model-
aided DNN-based receivers compared with pure data-driven schemes. Recently, the
usage of expert knowledge and model-aided schemes in DL-based channel estimation

and signal detection have been further developed, such as the MIMO-OFDM receiver
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with non-linear power amplifiers [56]. However, the existing model-aided schemes,
including our RecNet, are designed based on generic DNN models, so they are
still limited by the nature of data-driven deep learning, such as uninterpretable
architectures, large numbers of learnable parameters, and data-hungry training. These
problems become especially serious when the data dimension is very large, like in
large-scale MIMO-OFDM systems. Therefore, in the next chapter, we will investigate

alternative model-driven deep learning schemes for massive MIMO-OFDM detection.



Chapter 4

A Deep Unfolding Network for Massive
MU-MIMO-OFDM Detection

4.1 Introduction

Multiuser (MU) multiple-input multiple-output (MIMO) is a key technology for fifth-
generation (5G) wireless communication systems. Massive MU-MIMO equips the
base station (BS) with a large number of antenna elements that can serve many
user terminals in the same frequency band [78]. This key enabler of 5G and beyond
promises higher spectral efficiency and reliability at the cost of higher computational
complexity. On the receiver side, transmitted symbols with interference and noise
superpose, and the detection algorithms are supposed to separate these signals. As the
number of antennas grows, the complexity of data detection increases exponentially.

Thus, the detection task of massive MU-MIMO systems is very challenging.

Over the past few decades, many methods have been proposed for MIMO detec-
tion. Some non-linear detectors, such as Maximum likelihood (ML), have optimal
performance with high complexity. On the contrary, sub-optimal linear detectors are
less complex, like zero forcing (ZF) and the minimum mean squared error (MMSE).
Based on the assumption of independent identically distributed (i.i.d.) Gaussian matrix,
approximate message passing (AMP) with near-optimal performance is proposed in
[79]. However, matrix inversion exhibits high computational complexity being one of

the most complex operations in linear and simple non-linear MIMO detectors. For
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massive MIMO systems, this problem becomes more severe as the dimension of the
channel matrix increases [80]. Approximate matrix inversion (AMI)-based algorithms
have been designed to reduce complexity by avoiding computing the matrix inverse.
For instance, Gauss-Seidel and conjugate gradient (CG) methods can be found in the

literature [81], [82].

4.1.1 Literature Review

The power of deep learning (DL) has been widely shown in the upper layers of wireless
communication systems. Within several years, DL is beginning to gain momentum in
signal processing applications like detection in the physical layer [5]. An autoencoder
(AE)-based end-to-end detection in [9] views the whole communication system as
a black box. Besides, the works in [10], [68] which redesign some of the function
blocks in OFDM receivers via deep neural networks (DNN) and convolutional neural
networks (CNN), are easier to be optimized compared with black-box designs for the
entire transmitter and receiver. However, these two schemes still need a huge dataset
and a long time to be trained since they use generic DNNs with huge numbers of

trainable parameters.

Recently, MIMO detection based on model-driven DL has gained popularity due to its
interpretable architecture and fast convergence. As a powerful instance, deep unfolding
(DU) unfolds the iterations of model-based algorithms into a layer-wise structure
analogous to a neural network and introduces learnable parameters [83]. One of the
earliest DU-based MIMO detectors, DetNet, is presented in [67], [84]. DetNet provides
competitive performance on a simple Gaussian channel. However, the number of its
trainable parameters is still dependent on the number of antennas, which is not friendly
for massive MIMO systems. For 4-Quadrature Amplitude Modulation (QAM), an
alternating direction method of multipliers (ADMM)-based network [85] outperforms

DetNet. However, the similar projection functions in [84] and [85] are designed only
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for low-order modulations. To relax this limitation, a multilevel projection is proposed
for a projected gradient descent based network in [86]. In addition, the works in [87],
[88], [89] unfold different types of iterative AMP algorithms to detect the signals from
MIMO channels. In [57], a hardware-friendly network, LcgNet is developed based
on CG. Whereas the performance of AMI-based algorithms like CG greatly depends
upon the settings of communication systems. Unlike long-term evolution (LTE), MU-
MIMO-OFDM is the main scheme for uplink in 5G communications, which makes
the design of detection algorithms challenging. However, most existing works only
evaluate their networks in very simple settings (e.g., low-order modulation, single-
carrier communication, point-to-point MIMO scenario, i.i.d. Gaussian channels). As
in [90], DL-based schemes should be evaluated on realistic rather than simple channel
models to avoid misleading conclusions for MIMO detection performance. Hence,
MM-Net [90] introduces online learning and provides superior performance under
real-world channels. The price paid is retraining for each new channel realization
during online testing stages, which leads to a considerable increase in parameter
numbers, training overhead, and latency. Motivated by the issues discussed above, we
are interested in whether an offline detector can perform robustly in massive MU-

MIMO-OFDM systems with realistic correlated channels.

4.1.2 Contributions

As mentioned above, DL-based receivers have shown promising results on wireless
communication systems with simple settings. However, degraded performance or high
complexity limits their universality in massive multiuser MIMO-OFDM systems,
especially with high user load and realistic channels. In this chapter, we propose
a novel deep unfolding-based iterative detection algorithm for massive MU-MIMO-
OFDM systems, called MMO-Net. Our model-driven algorithm fuses over-relaxed

ADMM (OR-ADMM) architecture with DU tools, which combines the power of
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domain knowledge and data. For simple channel models like i.i.d. Gaussian channels,
only one set of parameters is sufficient for all channel realizations. For the realistic
3GPP-3D channels, different sets of parameters are learned to handle the severe spatial-
frequency correlations. Numerical results demonstrate that, with similar or lower
complexity, the proposed MMO-Net outperforms traditional and state-of-the-art DL-
based detection algorithms in massive MU-MIMO-OFDM systems. According to the
simulation results, MMO-Net has superior robustness to the full range of user load and
different channel models including the real-world 3GPP-3D channels. Moreover, due
to the small number of layers and trainable parameters, this network can be trained to

converge rapidly.

The main contributions of this chapter can be summarized as follows:

1. According to [91], with the optimal step size and relaxation parameter, OR-
ADMM can outperform the classical and accelerated ADMMs in terms of
convergence and performance. Thus, we first derive a MIMO detector based on
the general OR-ADMM architecture. However, there is only a fixed step size and
a relaxation parameter for all iterations in conventional OR-ADMM algorithms,
which seriously restricts their flexibility. It is also difficult for traditional
approaches to find the optimal set of algorithm parameters for different iterations
as well as the different subcarriers in multi-carrier systems like OFDM. To solve
this problem, we unfold the iterations of OR-ADMM in a layer-wise neural
network and jointly learn its parameters explicitly for different subcarriers from

the training data.

2. To better adapt to realistic correlated channels, we add two different trainable
step sizes in x- and w-updates to increase the model flexibility. As a result, our
MMO-Net with moderate flexibility converges faster than ADMM-Net [85] and

has fewer learnable parameters than DetNet [84].
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3.

We analyze different non-linear operators and design a specific differentiable
non-linear projection to ensure the whole model can be optimized by gradient
descent optimizers. For high-order modulations like 16-QAM, this multilevel
projection helps MMO-Net outperform the state-of-the-art ADMM-Net. Fur-
thermore, with the same maximum and minimum as the constellation set X,
this projection can also perform as a proper constraint of the iterative values to

improve performance and convergence.

We implement and adapt three state-of-the-art DU-based detection networks
[571, [85], [88] into the massive MU-MIMO-OFDM system with high user
load and real-world channels considered by few prior works. Correspondingly,
extensive simulations and comparisons are conducted to provide more insights
into model-driven DL-based detection tasks. To further reduce MMO-Net’s
complexity, we design an efficient implementation scheme sharing parameters

between different subcarriers in the frequency domain.

The remainder of this chapter is organized as follows. Section 4.2 first introduces the

structure of MU-MIMO-OFDM systems. Next, our ADMM architecture for MIMO

detection is described in Section 4.3. Section 4.4 discusses the proposed MMO-Net

including over-relaxed design, the choice of extra trainable parameters, the non-linear

projection, and the comparison with ADMM-Net. Then the simulation results are

presented to demonstrate the performance and robustness of MMO-Net in Section 4.5.

Finally, Section 4.6 gives the conclusion of this chapter.
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Figure 4.1: The considered MU-MIMO-OFDM uplink system with the proposed
detection network.

4.2 System Model

For reliable communication over frequency-selective channels, in this chapter, we
propose new detection schemes for a massive MU-MIMO uplink system that combines
with OFDM. Here, we consider an uncoded MU-MIMO-OFDM system, where
the channel state information (CSI) is unknown to the transmitters. Generally, an
MU-MIMO-OFDM communication system includes three elements: M mobile user
terminals with a single antenna, multipath channels, and the base station equipped

with N antennas. The architecture of our system is shown in Fig. 4.1.

For each user, the original bits are mapped into a sequence of modulated symbols.
These symbols are converted into parallel streams and processed by inverse discrete
Fourier transform (IDFT). Then, the cyclic prefix (CP) that is not shorter than the
maximum delay spread of channels is inserted in front of the time-domain symbols.
After adding CP, the M single-antenna user terminals transmit signals simultaneously

to a BS. On the BS side, CP removal and the discrete Fourier transform (DFT) are
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conducted first to transform the received signals into the frequency domain. The DFT
length is W, which is also the number of subcarriers in an OFDM symbol. For each

subcarrier @ € {1,---,W}, the transmit-receive relationship can be expressed as:

y® =H® z%°+n® 4.1)

where H® € CN*M is the MIMO channel matrix, n® € CV is complex white Gaussian
noise vector with zero mean and variance Ny, y® € CV is the vector of received
signals, and x® € XM is the transmitted symbol vector. The finite alphabet set of
constellation points is indicated as X, where every symbol has a uniform probability of
being chosen by the transmitters. In our system, the constellation set X is provided by

QAM modulation schemes.

In order to enable DL-based solutions, we rewrite all the complex-valued vectors and

matrices in (4.1) in real-valued versions:

o | RO | | RET s(E) |

S {y°} S{H"} R{H")

- Z 4.2)
o | B W0

S{a) | S {ne)

where the real-valued y® € R?N, H® € R?V:2M 50 ¢ R?2M and n® € R?N. To avoid
the complex notation of MU-MIMO-OFDM systems obfuscating the key features of
our algorithm architecture, we omit the subcarrier index @ in the following derivation
process. In Chapter 4 which focuses on data detection schemes, the channel matrix

H is assumed to be perfectly known at the BS. To recover the = from the received
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observations y, the detection rule of ML is represented by:

Zy = arg min ||y — Hz|3 (4.3)
xeCM

4.3 The ADMM Architecture for MIMO Detection

It is well known that the computational complexity of the ML detection in (4.3) is
exponential in M, which is prohibitive in massive MU-MIMO systems. In practice,
alternative detectors with different complexity are proposed by researchers [31]. The

signal detection problem can be generalized from the ML (4.3) as:
z=J(y,H) (4.4)

In this work, we consider the ADMM algorithm which is powerful for large-scale
structured optimization problems as the basic skeleton of the proposed neural network.
Based on the ADMM architecture, the 7 () in (4.4) can be designed specifically for
MIMO detection tasks. For this purpose, we first introduce the generic ADMM method
in Subsection 4.3.1, and then derive the MIMO detector based on ADMM architecture

in Subsection 4.3.2.

4.3.1 The Generic ADMM Method

To better explain the ADMM algorithm, we first describe the equality-constrained
convex optimization problem as:
minimize f(x)

4.5)
subjectto Ax=0>b
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where f() is a convex function, and € R" is the variable. For the problem (4.5), the

corresponding Lagrangian is:
L(x,p) = f(z)+p' (Az —b) (4.6)

where p is a dual variable. As one of the predecessors of ADMM algorithms, the dual

ascent method is developed to solve the problem (4.5):

"t = argminl <m7 p,k>
T

4.7
= gk o (Amk—i—l —b)

where k is the iteration index, and « is the step size. The method of multipliers has very
similar iterations to dual ascent except for the x-update step based on the augmented
Lagrangian. The goal of the Augmented Lagrangian is to improve the robustness and
convergence of dual ascent methods, especially without assumptions such as strict

convexity.

As described in [92], ADMM is an algorithm that combines the decomposability of
the dual ascent method with the superior convergence properties of the method of
multipliers. Here we rewrite the optimization problem (4.5) as a regularized estimation
problem in an ADMM form:

minimize f(x)+g(2) (4.8)

subjectto Ax+ Bz =c

where f() is the estimation loss, and g() can be interpreted as the regularization term.
As an improved version of the method of multipliers, the ADMM is also based on the

augmented Lagrangian. The augmented Lagrangian associated with (4.8) is presented
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by:
L(w,z, ) = f(@) +8(2) + 1 (Az+ Bz )+ S| Az + Bz} (49)

The augmented Lagrangian over the  and z variables can be solved by the standard

ADMM iterations:

k!l = argminl (:13, 2K, uk>

xr

2 = argminl (mk+1,z,uk> (4.10)

z

= kg p (Amk—i—l 1 Bkt _C>

where p is the penalty parameter in the augmented Lagrangian (4.9), which is used as
the step size in ADMM iterations. For the sake of convenience, the standard ADMM

(4.10) is often written in the scaled form:

2
"1 = argmin {f(a:) +g HAw—i—sz —c+ukH2}
2
21 = argmin {g(z) +g HAa:k+l +Bz— c+ukH2} (4.11)

W — kL Akt Bkl

where uf = p*/p is the scaled dual variable. Here, the x-update involves minimizing
f(), the z-update involves minimizing g(), and the last step is the dual variable update.
Different from the method of multipliers which minimizes the augmented Lagrangian
(4.9) jointly with respect to the two variables, the ADMM algorithm (4.11) updates x
and z in an alternating way. That is why it is called alternating direction method of

multipliers.
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4.3.2 ADMM-Based MIMO Detection

The ADMM architecture we introduced in the last subsection can be used to solve
many optimization problems. In this subsection, we will derive a MIMO detection
algorithm based on the scaled ADMM iterations. If the estimation loss f(x) is
considered as the form of (4.3) for MIMO detection tasks, the regularized estimation

problem (4.8) can be rewritten as:

1
minimize §||y — Hzx|)5+g(2)

(4.12)
subjectto z==x
The augmented Lagrangian associated with (4.12) is presented by:
L 1 2 P 2
z,2,0) = 5 |y — Half+5(2) + 2|2 — 2+ ul} @.13)

To compute the first step of the ADMM-based MIMO detector, the derivative of (4.13)

with respect to the variable « is set to O as follows:
HY(Hx—y)+p(x—2z+u)=0 (4.14)

Combined with the new a-update derived from (4.14), the scaled ADMM iterations
(4.11) are redesigned to perform the minimization of the augmented Lagrangian for

MIMO detection (4.13) over the variables x and z as follows:

i
wp = (HTH+pI)  [Hy+p (zx —w)]
Zjr1 = proj (1 +ug) (4.15)

Upy] = U — Zf+1 + Thr
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where [ is an identity matrix that has the same size as H” H, and p is a step size, the
single parameter of the ADMM algorithm. Note that the g() in (4.13) is the indicator
function of the constellation set X which is a closed nonempty convex set. Thus,
the z-update of the ADMM-based detector can be solved by a non-linear projection
function of (a1 + ug) onto X, i.e. by using proj(), which will be discussed in detail

in Subsection 4.4.3.

4.4 MMO-Net: A Deep Unfolding Network for MIMO-

OFDM Detection

In the era of 5G and beyond, many new communication applications require high
throughput and low latency, which means the affordable number of algorithm iterations
or network layers should be relatively small. On the one hand, some prior conventional
MIMO detectors or state-of-the-art model-driven networks achieve fast convergence
and low complexity. However, with only several fixed or trainable parameters in total,
the architectures of these schemes are too inflexible to adapt to the systems with
impairments and realistic correlated channels. On the other hand, those pure data-
driven solutions have large models with millions of learnable parameters depending
on the system size, which makes them hard to be well-trained for massive MIMO-
OFDM systems. For data detection tasks, a good trade-off between performance and
complexity is one of the foremost goals. Thus, in this section, we propose a DU-based
MIMO detector with a moderate number of parameters and flexibility as well as the

corresponding model optimization strategies.
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4.4.1 Neural Network Architecture Based on OR-ADMM

In the ADMM-based detection scheme (4.15), there is only one algorithm parameter,
i.e. the step size p. Moreover, the value of p is fixed between conventional ADMM
iterations. These characteristics lead to the very limited degrees of freedom of the
ADMM-based detector. Intuitively, there are two ways that can increase the model
flexibility and improve the detection performance: adding proper parameters into the
original architecture and optimizing different sets of parameters for different iterations.
Based on these two design principles, we first revisit the (4.15) with consideration of
the over-relaxation parameter. According to [91], the OR-ADMM is able to obtain a
guaranteed improvement in terms of convergence compared to the classical ADMMs.
By replacing all the terms x| in the z- and u-updates of the proposed ADMM-based
MIMO detector (4.15) with the terms (a1 + (1 — o) zx), the new iterations with

the over-relaxed design are given by:

—1
i1 = (HH+pI)  [H"y+p (2 —uy)]
Zrr1 = proj (o@y 1 + (1 — o)z +uy) (4.16)

Upy1 = U — Zjp1 T O+ (1 — o) 2z

where o > 1 is the over-relaxation parameter, which is empirically advantageous
compared to the normal relaxation parameter o € (0,2) [93]. Compared with the
iterations in (4.15), the OR-ADMM-based MIMO detector (4.16) is a better skeleton
for our neural networks, while its improvement heavily relies on the choice of
the step size p and over-relaxation parameter . For the algorithm parameters
with fixed values like p and o, conventional methods including analytical [91] or
manual [94] selections can obtain the optimal values. However, it is very challenging
for these traditional approaches to find the best set of algorithm parameters for

different iterations and subcarriers in MIMO-OFDM systems. As an alternative, deep
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unfolding (DU) unrolls algorithm iterations as the layers of a deep neural network
and introduces some learnable parameters. Instead of conducting exhaustive trials to
search for optimal values, these parameters can be learned jointly using deep learning
techniques (stochastic gradient descent (SGD)-based optimizers, loss functions, and
back propagation), which can efficiently overcome the difficulty of high-dimensional
parameter selection. These findings motivate us to develop MMO-Net, a DU-based

detection network for massive MU-MIMO-OFDM systems.

4.4.2 MMO-Net Design

Based on the algorithm architecture we derive in (4.16), MMO-Net is proposed for

MU-MIMO-OFDM detection as shown in Algorithm 1:

Algorithm 1 MMO-Net for MIMO-OFDM Detection
Preprocessing: h = H'y; A=H"'H+ocI, B=A1,
Reorganize h and B as the real form using Eq. (4.2)

Input: h and B

Initialization: 2o =0; wuy=0
I: forow=1:Wdo
2: fork=0:(T—1)do

3 2l =B (R +pf (2 — )

4 7y, = proj (@ + (1 — o) 2 + )

3 ul = up — 8¢ (2 — o= — (1—-0f) 2)
6: end for

7: end for

8: Output: z7

In Algorithm 1, k is the layer index, @ is the subcarrier index, T is the number of
layers in MMO-Net, and W is the number of subcarriers in an OFDM symbol. Each
layer in MMO-Net corresponds to one algorithm iteration. In the matrix A, ¢ = Ny/Ej

denotes the reciprocal of the signal-to-noise ratio (SNR). Note that all preprocessing
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Figure 4.2: Block diagram of the proposed MMO-Net detector.

operations use the complex-valued data, i.e., H and y. After preprocessing, h and B
are reorganized in the real-valued form following (4.2) and then packaged into training
and testing datasets. Fig. 4.2 illustrates the block diagram of the proposed MMO-Net

detector after preprocessing.

To obtain further improvement in terms of convergence and performance by utilizing
DU techniques, the MMO-Net in Algorithm 1 has many different features from the
OR-ADMM-based MIMO detector derived in (4.16). First, to introduce the noise
information in the x-update, we replace p in the matrix (H? H + pI) of (4.16)
with 0 = 1/SNR, see the definition of A in Algorithm 1. Since the o is fixed
between different layers, the matrix inverse B only needs to be calculated once in the
preprocessing stage. In fact, this design is inspired by the widely-used linear MMSE
detector. The basic idea of ZF and LMMSE detectors is to calculate the preliminary
estimation Z of x via linear equalization, i.e., multiplying ¢ by a receive filter G. With

different G, the ZF and LMMSE detection algorithms are given as:

~ —1
Zzr =Gzry= (H"H) H"y (4.17a)

. -1
Trumse = Gruusey = (H'H +0I)  Hy (4.17b)
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Unlike the ZF detector (4.17a), the LMMSE detector (4.17b) takes account of the noise
information ¢ and thus has improved performance. In the first layer of Algorithm 1,
1.e., when zg = ug = 0, the x-update performs the LMMSE estimation as (4.17b). If
o is unknown, the -update of the first iteration can still perform the ZF detection as
initialization.

Second, according to the iterations in (4.16), there is only one tunable step size p in
the x-update. To increase the flexibility to adapt to ill-conditioned channel matrices,
we add an additional trainable step size 0 into the u-update. More precisely, p can
be interpreted as a regularization parameter in the linear estimation of @, and 0 is the
augmented Lagrangian parameter. Except for the aforementioned p, & and J, there is
another learnable parameter A in the projection function proj(), and it will be described

in detail in the next subsection.

Third, different from the conventional OR-ADMM detector (4.16) that has fixed-
valued parameters p and o, MMO-Net can optimize different sets of learnable
parameters for each different iteration k and subcarrier @. Generally, the iterative
algorithms with fixed parameters like the CG [82] and the ADMM (4.15-4.16) are very
restrictive. By contrast, some DU-based schemes with layer-wise distinct parameters
(e.g. pr) like ADMM-Net [85] have more degrees of freedom. In our massive
MU-MIMO-OFDM system, two channel models with different levels of correlation
and frequency selectivity are considered, thus we develop two different settings of
learnable parameters to provide different levels of model flexibility. For the simple
i.i.d. Gaussian channel widely used by prior works [84]-[89], only a single set of 4
learnable parameters {py, oy, Sk,/’tk},f:_ol is adequate for MMO-Net to handle all the
channel realizations at different subcarriers. For the challenging 3GPP-3D realistic

w
: . T—1 .
channel, different sets of parameters, i.e. {{ pPe, 0y, 0, lk“’} =0 } | are trained to
—0 [,
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adapt to the channel realizations { H®}"/_ at different subcarriers. Compared with the
subcarrier-wise identical parameters {pk,ock,Sk,iLk},f;O], the subcarrier-wise distinct
parameters can further improve detection performance due to more expressiveness of

the neural network. In this case, the total number of trainable parameters is 47W.

A proper set of initial parameters can accelerate the convergence and improve the
performance of MMO-Net. Unlike the step size p which takes the reciprocal of SNR
as the initial value, i.e. p’ = o, the proper initial values of o and & are not explicitly
relevant to the information of input data. If the over-relaxation parameter @ = 1, MMO-
Net with the OR design will degrade to a classical ADMM-based detection network.
According to the analysis in [91], when the step size takes the optimal value, o0 = 2 is
the corresponding best option for regularized quadratic minimization problems. Here,

we empirically choose o’ = 1.5 which is between 1 and 2, and §§° = 2.

4.4.3 The Differentiable Projection Function

For conventional ADMM-based detection schemes, the projection functions in the
iterations are generally not continuously differentiable, such as the sign() used in
[94]. To enable the stochastic gradient descent-based optimization used for para-
meter update, the projection operation proj() in the z-update of MMO-Net must
be differentiable. Furthermore, one major difference between data-driven DNNs and
linear algorithms is the activation function that introduces the nonlinearity leading to
better ability of expression. For example, the DNN-based schemes in the literature
outperform conventional detection algorithms in different wireless systems, especially
with non-linear distortion. Similarly, the non-linear operators can help achieve better
performance for model-driven detection networks like DetNet [84]. In [85], ADMM-
Net uses the similar soft-sign function as DetNet with an additional learnable offset 3

as follows:
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Figure 4.3: The illustration of the piecewise soft-sign operator in ADMM-Net.

gt = PE B _paB) wis)

where p() denotes the rectified linear unit (ReLU). The piecewise soft-sign operator
(4.18) is depicted in Fig. 4.3. It is obvious that the projection function in (4.18) does
not consider the multilevel modulated symbols, which makes them only suitable for
low-order modulation schemes like Binary Phase-shift keying (BPSK) and 4-QAM.

To solve this limitation, a multilevel activation is proposed in [86]:
oc(w) =Y o (z—17)+C (4.19)

where 7; is the sigmoid shift, and C is an overall offset. 7; and C are fixed and given by
the constellation set. By combining several sigmoids o() with 7; and C, the projection
(4.19) has multiple levels to adapt to higher-order modulations. Compared with the

sigmoid oy() used in (4.19), the hyperbolic tangent tanh() generally converges faster
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due to its bigger gradients. In addition, tanh() with the zero-centered nature is more
suitable for high-order (16 or higher) QAM modulation and the received symbols in
this chapter. Thus, based on the tanh(), we propose a non-linear projection that does

not need the additional fixed or learnable offsets like in (4.18) or (4.19):

1X,|—1
proj(x;A) = tanh (A (x — 1;))
iz:; (4.20)

Ti= (Si+si+1)a izla"'v‘xr‘_l

SR

where s; € X, and s; < s, 1. For the 16-QAM modulation, the value set of both the real
and imaginary parts is X, = {—3,—1,1,3}. In this case, the projection function proj()

in (4.20) can be expressed as:

proj(x) = tanh (A (x —2)) +tanh (Ax) +tanh (A (x +2)) (4.21)

where A is the learnable parameter. With different parameter values, the curves of
proj() designed for 16-QAM are illustrated in Fig. 4.4. As shown in the figure, the
smoothing coefficient A controls the smoothness degree of proj(). A is initialized to
2. After the projection operation, all 2, ; in Algorithm 1 are constrained within [-3,
3], which is an ideal range of the final detection output z7. This proper constraint can
improve detection performance. Note that the proj() in (4.21) can be easily extended
to other modulation schemes by using different combinations of the tanh() with

adjustable parameters.
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Figure 4.4: Learnable projection proj() with the constraint for 16-QAM.

4.4.4 The Comparison with ADMM-Net

Similar to different detection networks based on the AMP algorithm like [88]-[89],
MMO-Net has many differences from ADMM-Net [85], even if they are all derived
from the widely used ADMM approach. First, as discussed in the last subsection,
the projection function of ADMM-Net (4.18) is designed for low-order modulation
schemes. For the massive MIMO-OFDM systems with 16-QAM, MMO-Net signi-
ficantly outperforms ADMM-Net with the help of the multilevel projection proj() in
(4.21), as shown in Section 4.5. Second, the process by which we derive the x-update
is different from ADMM-Net, as shown in (9) in [85] and (4.14) in Subsection 4.3.2.
Thus, in the x-update, ADMM-Net introduces the channel power by a penalty vector A
which leads to extra complexity, while the proposed MMO-Net only has a scalar p as
the step size. Moreover, ADMM-Net only has one trainable parameter @ except for the
projection function, which limits its flexibility and convergence speed. On the contrary,

MMO-Net has not only two step sizes p and O that can increase the flexibility of
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ADMM-based architecture but also the over-relaxed parameter o for fast convergence.
Furthermore, MMO-Net can learn subcarrier-wise distinct parameters to adapt to those
challenging realistic channels with serious correlations and ill-conditioned channel
matrices. The simulation results in Fig. 4.5 demonstrate that MMO-Net performs better
and needs much fewer iterations to converge than ADMM-Net, especially when the

numbers of Tx and Rx antennas are equal.

4.4.5 Computational Complexity

Table 4.1 compares the trainable parameter number and computational complexity
of state-of-the-art deep unfolding-based detectors in massive MU-MIMO-OFDM
systems. For the DU-based networks with real inputs, the number of real-valued
multiplications is defined as computational complexity. The M,N,T,W in Table 4.1
indicate the number of transmitting and receiving antennas, layers, and subcarriers,
respectively. For DetNet in [84], the computational complexity of each layer is
O(Mz) due to the matrix-vector products. Due to the large number of learnable
parameters depending on the system size (M,N), DetNet needs a long time to be
well-trained. In Table I, OAMP-Net2 [88] has the highest computational complexity,
dominated by the matrix inverse operations required for each layer. By contrast, not
only the proposed MMO-Net has relatively low complexity, but also its parameter
number is only determined by the number of layers and subcarriers rather than
system sizes. These advantages are especially helpful for large-scale MIMO systems.
Concretely, in MMO-Net, the matrix-vector multiplication in the x-update is dominant
in computational complexity, while the rest scalar-vector products are negligible.
Hence, the computational complexity of each layer in MMO-Net is only O (Mz). As
mentioned in the last subsection (Subsection 4.4.4), ADMM-Net [85] has one more
vector-vector product in the x-update, so it is slightly more complex than the proposed

MMO-Net.
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Table 4.1: Parameter number and complexity of DU-based detection networks.

Detectors Trainable parameters | Computational Complexity

DetNet [84] (6MN +2N +M)TW O (M’TW)
ADMM-Net [85] 3TW O (M’TW)
OAMP-Net2 [88] ATW O (M’TW)

MMO-Net ATW O (M*TW)

4.5 Simulation Results

In this section, we first described the channel models used in this paper and the
implementation details of our detection networks. Then, we compare and analyze the
performance of MMO-Net with the state-of-the-art DU-based detectors [57], [85], [88]
under both the i.i.d. Gaussian channels and the realistic 3GPP-3D channels. Next,
some simulation experiments are conducted to demonstrate the robustness of MMO-
Net to parameter sharing, as well as high or even full user load. Finally, we develop an
efficient implementation scheme to further reduce the complexity of MMO-Net. All

the numerical results in this section are obtained without channel coding.

4.5.1 Implementation Details

The performance of both conventional and DL-based detectors highly depends on the
type of MIMO channel. As discussed before, most prior DU-based networks such as
[84]-[89] demonstrate their performance under the normal or correlated i.i.d. Gaussian
channels. However, it is practically more important for MIMO detectors to perform
robustly with challenging realistic channels. Thus, we evaluate MMO-Net with 16-
QAM modulation for two channel models including the realistic 3GPP-3D channels.
For the i.i.d. Gaussian channels, each entry of channel matrix H is independently

sampled from a zero-mean Gaussian distribution with variance (1/N).
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Table 4.2: Configuration of the realistic 3GPP-3D channel model.

Parameters Values
Scenario UMa-NLOS
Center frequency 2.68GHz
Bandwidth 60MHz
Number of subcarriers 512
Height of BS tower 30 m
User range from BS 60° sector for 50 — 1000 m
Height and speed of users 1.6 m; 10 km/h

Moreover, for the case of urban cellular deployments with 5G base stations and
massive mobile user terminals, we generate realistic channel data from the 3GPP-3D
MIMO channel model [95]. Based on an open-source channel simulator QuaDRiGa
(version v2.4.0) [29], our channel generator of the 3GPP-3D realistic channels is
implemented in Matlab. The detailed parameter settings are listed in Table 4.2. In
the table, UMa-NLOS specifies the urban-macrocell scenario and non-line-of-sight
transmission. In our massive MU-MIMO-OFDM system, there are 512 subcarriers in
an OFDM symbol within 60 MHz bandwidth, and the CP length is 32. Thus, the size of
each complex channel H is (N,M,512). A rectangular array with 32 or 64 antennas is
equipped on a BS to serve 32 single-antenna mobile users who are randomly distributed
into the sector. Considering both walking and driving users in urban areas, we set
the average speed to 10 km/h. The channel noise n is sampled from a zero-mean
1.1.d. Gaussian distribution whose variance is related to the system SNR defined as

SNR =E||Hz|3/E|n]3.

To evaluate the robustness to different SNRs, we train a single MMO-Net and set
the testing SNRs in a wide range from 2 dB to 30 dB. For every training batch, the
SNR values of 200 samples are uniformly distributed in [2dB, 30dB] with a 4 dB

interval. For a fair comparison, all DL-based detectors in our simulations are trained
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by 8000 packets of (x,y,H) with the label x and tested by 1000 packets per SNR
that are independent of the training dataset. Here, each packet contains an OFDM
symbol. Moreover, the analysis and initialization of MMO-Net’s trainable parameters
are elaborated in Section 4.4. As an adaptive optimizer, Adam [75] only needs an initial
learning rate (LR). Our simulations suggest that Adam with exponential decay of LR
outperforms that with a fixed initial LR. Thus, we choose an Adam optimizer with
exponential decay in this chapter, and the initial LR of the exponential decay is set to

0.0005. Moreover, the summation of L2 loss functions over all T layers is adopted as:

S T
1
lzzgzzums—ﬁhsui (4.22)

s=1 k=1

where s indexes different training samples, k indexes different layers, and S is the total
number of training samples. All the operations before MMO-Net detection, including
the channel generation, the function blocks in our MU-MIMO-OFDM system (Fig.
4.1), and the data preprocessing in Algorithm 1 are implemented with complex-valued
data in Matlab. The proposed MMO-Net as well as the DL-based competitors are all

trained and tested in the Tensorflow backend.

4.5.2 Detection Performance under i.i.d. Gaussian Channels

In Chapter 4, the system with M users and N receive antennas is denoted by M x N
MIMO channels, and perfect CSI is assumed. M = N = 32 is a fully loaded case that is
very challenging for massive MIMO detectors and is rarely considered by the existing
studies, especially with realistic channels. Thus, we set the layer number of all the DU-
based detectors as 7 = 10 when M X N = 32 x 64 and increase the T to 20 to handle
the high interference under 32 x 32 MIMO cases. In this subsection, we first compare

and analysis the convergence speed of ADMM-Net and MMO-Net. Then the bit error
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rate (BER) performance of the following MIMO detectors is compared in the massive

MU-MIMO-OFDM system with 1.1.d. Gaussian channels:

MMSE: A widely-used linear detector with matrix pseudo-inverse and noise

information.

. CG: An AMlI-based MIMO detector that iteratively updates the estimation of
signals [82]. Here, the CG has fixed 20 iterations.

. LcgNet: An up-to-date detection network [57] based on the CG algorithm. It has
2 trainable step sizes per layer.

. ADMM-Net: An ADMM-based detection network [85] that outperforms DetNet
[84] under BPSK or 4-QAM modulation.

. OAMP-Net2: A state-of-the-art MIMO detector based on OAMP unfolding with
a matrix inverse operation in each layer [88]. Based on the Github code [96] of
OAMP-Net2, we adapt it to our 16-QAM multiuser MIMO system.

. MMO-Net: Our proposed DU-based network designed for MU-MIMO-OFDM
detection tasks, as detailed in Section 4.4.

. SIMO: The BER lower bound that has perfect multiuser detection without

interference, which is equivalent to single-input-multiple-output detection.

4.5.2.1 Convergence Property

For both conventional iterative MIMO detectors and layer-wise detection networks,
there is a trade-off between the BER performance and time complexity. Basically, As
the number of iterations and layers increases, a lower error rate is expected. Fig. 4.5
depicts the BER versus the number of layers of MMO-Net and ADMM-Net under
i.i.d. Gaussian channels. For the 32 x 64 MIMO system operating at 16 dB, MMO-
Net converges in less than 10 layers, while ADMM-Net needs more than 20 layers to
converge. Moreover, even with only 5 layers, MMO-Net still has lower BER than the

converged ADMM-Net with 25 layers. For the fully-loaded case of 32 x 32 system,
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Figure 4.5: BER versus the number of layers of MMO-Net and ADMM-Net.

we test the both networks under a higher SNR (22 dB) to get an acceptable BER
performance. In this challenging scenario, ADMM-Net cannot converge and achieve
an acceptable BER performance (1072) even with 40 layers. By contrast, MMO-Net
almost converges in 15 layers and provides significantly better performance. This is
because the projection operator of ADMM-Net (4.20) only works well for low-order
modulation up to 4-QAM. MMO-Net has not only the multilevel projection (4.21) with
a proper constraint but also the architecture with the OR design, which jointly result
in faster convergence and performance gain of MMO-Net under 16-QAM, especially

when M = N.

4.5.2.2 Detection Performance

In Fig. 4.6, the BER performance of the conventional and four state-of-the-art MIMO
detectors based on deep unfolding is compared under i.i.d. Gaussian channels. For all

four DL-based detectors, only a common set of trainable parameters for all subcarriers
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Figure 4.6: BER versus SNR curves of state-of-the-art MIMO detection schemes for
different user loads of the MIMO-OFDM system under i.i.d. Gaussian channels.
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is sufficient to handle this simple channel model. From Fig. 4.6 (a), the CG has
near-MMSE performance. With the same architecture, LcgNet outperforms CG,
which demonstrates the superiority of deep unfolding. However, the linear LcgNet
is still unable to outperform MMSE, which is the performance limit of CG-based
detection algorithms. By learning optimal parameters, the OAMP-Net2 with a non-
linear denoiser outperforms MMSE for all SNRs. Particularly, the linear estimation
step of OAMP-Net2 is able to provide the ideal input for its denoiser under i.i.d.
Gaussian channels, which results in competitive performance. When SNR > 16 dB,
ADMM-Net performs worst among all schemes since it has no multilevel projection
for 16-QAM. Except for the ideal SIMO lower bound, MMO-Net has lower BER than
all competitors over all SNRs, including the more complex OAMP-Net2 requiring a

matrix inverse per layer.

To test the robustness to the fully loaded case, we evaluate all detection algorithms for
32 x 32 MIMO channels in Fig. 4.6 (b). First, unlike in the 32 x 64 MIMO system, here
the AMI-based LcgNet cannot achieve near-MMSE performance even with learnable
parameters. For the SNRs below 18 dB, ADMM-Net provides competitive perform-
ance. Whereas at higher SNRs, OAMP-Net2 outperforms ADMM-Net, LcgNet, and
MMSE. Compared to that in Fig. 4.6 (a), the BER performance of ADMM-Net,
OAMP-Net2, and MMSE is also obviously degraded in Fig. 4.6 (b), even with the
matrix inversion. This is because they suffer a huge performance loss under the serious
interference caused by a full load of MIMO systems. In this case, MMO-Net shows
impressive performance that is far better than other schemes, especially when SNR >

16 dB.
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4.5.3 Detection Performance under Realistic 3GPP-3D Channels

Fig. 4.7 depicts the BER performance on realistic 3GPP-3D channels for 32 x 64 high-
loaded and 32 x 32 full-loaded MIMO systems. Note that we tried to train the ADMM-
Net to adapt to our 3GPP-3D channels but met great difficulty in terms of convergence.
Thus, in Fig. 4.7, we only consider OAMP-Net2 which outperforms ADMM-Net in
Fig. 4.6. For both OAMP-Net2 and MMO-Net, different sets of learnable parameters
for each subcarrier are trained to better adapt to this practical channel with serious

fading and correlation, as described in Subsection 4.4.2.

In Fig. 4.7 (a), CG fails to detect transmitted symbols under 3GPP-3D channels.
LcgNet has a limited performance gain but can no longer provide near-MMSE
performance like in Fig. 4.6 (a). Compared to the MMSE with channel matrix
inversion, the BER performance of AMI-based algorithms like CG is very unstable
and highly depends on the channel models and system settings. Even with the
power of deep unfolding, the simple and linear CG architecture of LcgNet limits
its generalization ability to achieve better performance under challenging scenarios.
Furthermore, thanks to our training strategy with subcarrier-wise learnable parameters,
the non-linear OAMP-Net2 obviously outperforms MMSE. In Fig. 4.7 (a), MMO-Net
has a much larger performance gap with the more complex OAMP-Net2 than that in
Fig. 4.6 (a). For example, when we aim to BER = 10~3, MMO-Net only has a 0.7 dB
gap with OAMP-Net2 in Fig. 4.6 (a), while this gap increases to 3.5 dB in Fig. 4.7
(a). This is because OAMP-Net2 performs very well with unitarily-invariant channel
matrices, but its performance seriously degrades on ill-conditioned realistic channels
that do not satisfy this assumption. In contrast, the proposed MMO-Net does not rely on
strict assumptions on channel matrices, which leads to its better robustness to realistic

channel models.
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Figure 4.7: BER versus SNR of state-of-the-art MIMO detection schemes for different
user loads of the MIMO-OFDM system under realistic 3GPP-3D channels.
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In Fig. 4.7 (b), the performance gap between the SIMO lower bound and all other
detectors increases for the 32 x 32 MIMO system compared to the 32 x 64 MIMO
case in Fig. 4.7 (a). The reason is that they suffer a huge performance loss under the
serious interference caused by the full user load. Specifically, the BER of the powerful
OAMP-Net2 is only = 102 under 29 dB SNR, and MMSE can not even achieve an
acceptable BER (10~2) within 30 dB. However, in this very challenging case, MMO-
Net shows state-of-the-art performance that is much better than other schemes. For
instance, MMO-Net has 3-6.5 dB performance gain over the second-best OAMP-
Net2 with higher complexity. In summary, with the help of the special-designed
projection function, over-relaxed design and well-chosen learnable parameters, the
superior performance and robustness of MMO-Net are demonstrated under full load

scenarios with realistic channel models.

4.5.4 Efficient Implementation in the Frequency Domain

In the era of 5G and beyond, MIMO-OFDM has become a promising scheme for
high spectral efficiency wideband systems. Nevertheless, MIMO-OFDM receivers are
computationally demanding since the signal processing is performed on a tone-by-
tone (subcarrier) basis. Thus, an interpolation-based efficient matrix inversion method
is proposed for MIMO-OFDM receivers in [97]. However, the complexity reduction
of this scheme becomes not very significant when the number of receive antennas
is bigger than 5, which makes it unsuitable for our massive MIMO-OFDM system.
Moreover, in modern MIMO-OFDM systems, the number of subcarriers per symbol
is generally much larger than 64 in [12]. Thus, we increase the subcarrier number to
512 in this chapter. As mentioned above, learning different sets of parameters for each
subcarrier can help MMO-Net perform better under realistic channels with correlation
and ill-conditioned channel matrices. Whereas as the increase of subcarriers, the

number of trainable parameters and training overhead will increase correspondingly.
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Figure 4.8: Frequency correlation of 3GPP channel realizations over subcarriers.

In order to reduce the training overhead and computational complexity, we further
develop an efficient implementation scheme by exploiting both the generalization
ability of MMO-Net and frequency correlation of channels. In this subsection, we first
explore the correlation of 3GPP-3D channel realizations in the frequency domain. To
numerically represent the frequency correlation between channel matrices at different
subcarriers, we compute the inner product of different H® and then utilize the matrix
norm to normalize it. As a result, the frequency correlation between H® and itself
equals 1. Within 16 adjacent subcarriers, the frequency correlation of channel matrices

is very strong (> 0.8), and it then decreases rapidly, as shown in Fig. 4.8.

Based on the results of channel correlations in the frequency domain in Fig. 4.8, it is
reasonable to expect that MMO-Net is able to generalize its superior performance from
a trained channel matrix at one subcarrier to those untrained channel matrices within
a range of subcarriers. Therefore, we introduce the idea of parameter sharing between

different subcarriers into the implementation of MMO-Net. Specifically, MMO-Net-n
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Figure 4.9: BER performance comparisons of MMO-Net with different levels of
parameter sharing for a 32x64 MIMO system under 3GPP-3D channels.

is trained by the channel realizations at the middle subcarrier of a group with n

subcarriers and tested on the channels of the whole subcarrier group.

Fig. 4.9 compares the BER performance of several MMO -Net-n with different levels
of parameter sharing for a 32 x 64 MIMO-OFDM system with 16-QAM modulation.
Compared to the MMO-Net without parameter sharing, there is almost no performance
loss for the MMO-Net-8 which shares learnable parameters within a small group of
subcarriers with strongly correlated channels. As in Fig. 4.8, the frequency correlation
of the 3GPP-3D channels decreases drastically from 0.94 at 8 subcarriers to 0.5 at
32 subcarriers. Since MMO-Net-32 shares parameters for a big group including some
distant subcarriers, it indeed has a performance loss. However, this performance loss
is not huge and acceptable, as shown in Fig. 4.9. Different from those pure data-driven
DNNs with overly general architectures and massive trainable parameters, the model-
driven MMO-Net has interpretable architecture and guaranteed performance. Hence,

MMO-Net can still provide a robust detection performance even without optimal
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parameters for each channel realization. In summary, with the help of the efficient
implementation scheme in the frequency domain, MMO-Net is able to achieve a good
trade-off between performance and complexity for different scenarios and channel

models.

4.6 Summary

In this chapter, to ensure reliable communication on realistic channels with spatial
correlation and frequency selectivity, we discuss the development of novel DL-based
detection schemes for the case when massive MU-MIMO is combined with OFDM.
For data detection tasks of MU-MIMO-OFDM systems, a deep unfolding-based
neural network, MMO-Net is proposed. This solution combines the powerful ADMM
optimization algorithm, expert knowledge of MIMO detection, as well as state-of-
the-art deep learning techniques. First, based on the generic ADMM architecture,
an iterative MIMO detection algorithm is derived as a skeleton of our model-driven
neural network. Next, to obtain further improvement in terms of convergence and
performance by utilizing DU techniques, a series of novel designs are developed to
increase the degree of freedom of MMO-Net’s architecture, such as over relaxation,
extra trainable parameters, and two training strategies for different channel models.
Then, a differentiable projection function with multiple levels is proposed to enable

SGD-based parameter optimization.

To provide more insights into DL-based MU-MIMO-OFDM detection tasks, we
implement three state-of-the-art DU-based schemes [57], [85], [88] in our system.
Extensive simulations are carried out to compare them with the proposed MMO-Net
in terms of complexity, convergence, and performance. According to the simulation
results, with similar or lower complexity, MMO-Net outperforms traditional and neural

network-based detectors in massive MU-MIMO-OFDM systems. In particular, MMO-
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Net shows significant performance gain for the MU-MIMO-OFDM systems with full
user load and real-world 3GPP-3D channels. Moreover, this network can be trained to
converge much faster than ADMM-Net which is also based on ADMM architectures.
Finally, the efficient implementation scheme proposed in Subsection 4.5.4 can further

reduce the computational complexity and training overhead of MMO-Net.

Although some challenging cases like fully loaded MIMO-OFDM systems and
realistic channels with severe fading and correlations have already been studied
in this chapter, the DU-based detectors including MMO-Net assume perfect CSI,
which is unrealistic in practice. An efficient channel estimator is essential for the
receivers of massive MU-MIMO-OFDM systems. Therefore, the focus now shifts
to the development of efficient channel estimation schemes and data detection with

channel estimation errors, which will be discussed in detail in the next chapter.



Chapter 5

CNN-Based Channel Estimation for Ma-
ssive MIMO-OFDM Systems

5.1 Introduction

The explosion of advanced wireless applications, such as intelligent terminal access,
virtual reality, augmented reality, and Internet of things, has propelled the development
of wireless communication into the fifth generation (5G) [2]. The emerging 5G
wireless communication system raises new requirements on spectral efficiency and
energy efficiency. As one of the breakthrough technologies of 5G, massive multiple-
input multiple-output (MIMO) is a fundamental approach to exploiting spatial domain
resources. MIMO offers diversity gain, multiplexing gain, and power gain [19] to
improve reliability, support the spatial multiplexing of single and multiple users,
and increase energy efficiency [3]. However, all of these improvements rely on
sufficient channel knowledge. Thus, channel estimation becomes a bottleneck in

system implementation [98].

5.1.1 Literature Review

Generally, traditional channel estimation (CE) methods include least squares (LS) [59],
minimum mean-square error (MMSE), and their optimized versions based on different
interpolation schemes [60], [99]. For MIMO systems, several channel estimation

schemes have been proposed in [100], [101], and [102]. In [100], the authors propose a

100
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data-aided channel estimation method where partially decoded data is used to estimate
the channel. Based on compressed sensing, a sparse channel estimation solution is
developed in [101]. For frequency division duplex-based massive MIMO systems, a
spatially common sparsity-based adaptive channel estimation and feedback scheme is

proposed in [102].

MIMO channels are associated with high-dimensional optimization parameters, and
the optimization problem itself can be difficult to be solved by conventional solu-
tions. Deep learning (DL)-based technologies offer new possibilities to model the
complicated channels of massive MIMO. Due to its data-driven nature, the DL-
based system can automatically learn high-level features from raw data instead of
manual feature extraction. Recently, DL has been applied to channel estimation in
the physical layer of wireless communication systems [103]. In [48], a deep neural
network (DNN)-based channel estimator is proposed in an online fashion to adapt
to doubly selective (i.e., time and frequency selective) channels. The work of [104]
views the channel frequency response (CFR) at the pilot positions as a low-resolution
image, and the complete channel information is recovered by two convolutional
neural networks (CNN). For high-speed scenarios, a long short-term memory (LSTM)
network is cascaded with a CNN to estimate fast-fading channels [105]. Note that
these three works are developed for single-input single-output (SISO) orthogonal
frequency-division multiplexing (OFDM) systems. For single-input multiple-output
(SIMO) systems, preliminary theoretical analysis is presented to interpret the internal

mechanisms of DL-based channel estimation [106].

To estimate high-dimensional channel matrices in MIMO systems, the authors replace
the one-dimensional (1D) CNN in [105] with a 2D-CNN in [107]. In [108], a spatial-
frequency CNN (SF-CNN) based approach is proposed to improve the estimation
performance in mmWave MIMO systems. Furthermore, a joint channel estimation and

signal detection scheme is designed for point-to-point MIMO systems [88]. In [109], a
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single DNN is used for the channel estimation of a single-user MIMO system. For the
multiuser (MU) MIMO system in [110], different DNNs are used to estimate multiple
individual channels from multiple users separately. However, the schemes in [109] and
[110] only consider frequency-flat channels rather than the multi-carrier systems with
frequency-selective channels. For multi-carrier MIMO systems like MIMO-OFDM,
each tone at each receiver antenna is associated with multiple channel parameters,

which makes channel estimation difficult.

5.1.2 Contributions

In Chapter 4, several conventional MIMO detectors, state-of-the-art deep unfolding
(DU)-based detection networks, and the proposed MMO-Net are evaluated with perfect
channel state information (CSI), which is unrealistic in practice. For proper detection
of transmitted signals, CSI should be obtained first via channel estimation. Thus, an
efficient channel estimator is essential for the receivers of massive MU-MIMO-OFDM
systems. For low-loaded MU-MIMO-OFDM systems like in [111], time-orthogonal
pilots are used for all M users. Such pilot schemes lead to low spectral efficiency when
M becomes larger. Instead, we design an optimal frequency-orthogonal pilot scheme
that only requires one pilot symbol for the 32 users in our massive MU-MIMO-OFDM
systems. Furthermore, this chapter proposes three CNN-based channel estimators, i.e.,
a denoising CNN (D-CNN), a spatial-frequency CNN with a residual layer (RSF-
CNN), and an end-to-end DRSF-CNN. The major contributions of this chapter can

be summarized as follows:

1. To mitigate channel estimation errors in the delay domain, we propose a compact
D-CNN to denoise the channel impulse response (CIR). Instead of learning the
mapping to labeled channel matrices directly like usual CNN-based schemes,
D-CNN learns the denoising mapping via a special subtractive residual layer to

remove the channel noise from the coarse estimate. Compared to the CNN-based
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estimator with a widely-used additive residual layer, D-CNN has better mean-

square error (MSE) performance.

2. With the aim of improving the estimation performance of D-CNN, we propose
RSF-CNN to exploit channel correlation in the spatial-frequency domain. To
minimize the overall MSE, we develop a fast Fourier transform (FFT) layer with
zero padding to enable end-to-end training of D-CNN and RSF-CNN across
different domains. As a result, the proposed DRSF-CNN performs better and

converges faster than the state-of-the-art SF-CNN [108].

3. We analyze the computational complexity and the number of trainable para-
meters of DRSF-CNN in detail, and also provide a layer-wise comparison
with SF-CNN to explain why the DRSF-CNN with lower complexity can
outperform SF-CNN. Moreover, from an overall perspective of receiver design,
we simulate the performance of DRSF-CNN and MMO-Net jointly. To the
best of our knowledge, this is one of the first works that jointly evaluate DL-
based channel estimation and model-driven detection networks for massive MU-

MIMO-OFDM systems with realistic channels.

The remainder of this chapter is organized as follows. In Section 5.2, we first introduce
the system model and discuss the prior works on DL-based channel estimation. Next,
Section 5.3 develops the frequency-orthogonal pilot scheme and proposes a compact
D-CNN to denoise the estimated CIR in the delay domain. To enhance the estimation
performance, in Section 5.4, an FFT layer and RSF-CNN are added after the D-
CNN to refine the channel frequency response (CFR) in the spatial-frequency domain
further. Then, Section 5.5 presents the simulation results to demonstrate the superior
convergence and performance of the proposed CNN-based estimators. Finally, Section

5.6 concludes this chapter.
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Figure 5.1: Block diagram of a multiuser MIMO-OFDM system with channel estima-
tion.

5.2 Background

In this section, the MU-MIMO-OFDM system for channel estimation is first in-
troduced. Then, we present the existing DNN- and CNN-based channel estimation
schemes and discuss the challenges to implementing them in our massive MU-MIMO-

OFDM system, including complexity and pilot overhead.

5.2.1 System Model

As shown in Fig. 5.1, we consider a massive MU-MIMO-OFDM system with M single-
antenna users and the base station (BS) equipped with N antennas. Suppose the number
of subcarriers in each OFDM symbol is W, and the maximum length of all channels
is L. For the mth mobile user, the original pilot symbols are processed by inverse fast
Fourier transform (IFFT), and the cyclic prefix (CP) that is not shorter than L is added.
After removing the CP at the nth receive antenna, the received pilot symbol ﬂz eCc%

in the time domain is given by:

M
U= H'w) (5.1)
m=1
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T

nm - . . . . T
where H ;" is a circulant matrix with the first column given by [h”’m O1sew— L)] ,
™ c CL is the length L CIR between the mth user and the nth receive antenna, and
iy} € C% is the time-domain pilot transmitted by the mth user. Let F denotes the

W x W normalized FFT matrix, and the eigenvalue decomposition of H erm 1s:

T
H"" = F diag {Wf [h”va,olx(W_L)} } F (5.2)

Based on (5.1) and (5.2), the frequency-domain received symbol yI", can be obtained

by the FFT of g7 as:
M
yp =D FH&) + Fi
m=1

M T
— Y diag {\/W}“ [h'”"T,o1 X(W_L)} } FEn+ Fl (5.3)
m=1

Fllﬂi [

diag{ FR""} x}} +m;,

3
I

where F' € CV*L is /W times the first L columns of F. The vectors wg and ng are

the pilot signals and noise samples at the FFT output, separately.

5.2.2 Learning-based Channel Estimation Schemes

Recently, DL-based CE solutions have shown the potential to provide a competitive
estimation performance without prior channel knowledge. For the SISO-OFDM
system in [48], the SIMO system in [106] or single-carrier MIMO systems [109]-
[110], the fully-connected DNN-based channel estimators in the literature have good
performance and acceptable complexity. However, when the number of antennas and

subcarriers becomes large, these DNN-based schemes are hard to realize. Specifically,
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Figure 5.2: The data structure of time-orthogonal pilots transmitted by each single-
antenna user in an MU-MIMO-OFDM system with M users.

each fully-connected layer has millions of trainable parameters for the very high
dimensional channel matrices in our massive MIMO-OFDM system. Due to the cost
of much time and computational resource, those DNNs with such large numbers of

trainable parameters are very difficult to train.

By exploiting parameter sharing and sparse interactions, CNN-based schemes show a
better performance-complexity trade-off for CE tasks in [104]-[105] and [107]-[108].
Compared to the point-to-point (single-user) MIMO systems in [88], [107] and [108],
pilot schemes and channel estimation for MU-MIMO systems are different. Most prior
solutions allocate pilots to all users orthogonally over the time domain (i.e., the number
of pilot symbols P is larger than the user number M), as shown in Fig. 5.2. Such pilot
schemes are capable of low-loaded MU-MIMO-OFDM systems like in [111] with only
8 users, but result in a considerable reduction of spectral efficiency in our system with
32 users. Thus, it is desirable to develop an efficient pilot pattern and corresponding

channel estimator for massive high-loaded MU-MIMO-OFDM systems.
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5.3 Channel Estimation and Denoising in the Delay

Domain

5.3.1 Initial Channel Estimation based on LS

Generally, the LMMSE estimator performs well by utilizing prior channel statistics
but is sensitive to imperfect channel information. On the contrary, with the powerful
learning ability, DL-based estimators do not restrict to any specific channel statistics.
Due to the difficulty of capturing prior information in practice, we choose the LS
estimator without prior requirements on channel statistics as the initialization of our

proposed channel estimation networks.

In order to derive the LS estimation used in this chapter, we first simplify the transmit-
receive relationship in (5.3). By defining A = [diag {mll?} F, ... diag {ac}’j} F] €

CWxML equation (5.3) can be rewritten as:

M
Y, = Z diag {:c;,”} FR"™" +n,

p— (5.4)
= AH" +n,
T
where H" = h"’lT, . e Thus, we can now derive the LS channel estimate

for our MIMO-OFDM system as follows:
Hjs=A'y! (5.5)

where A" denotes the pseudo-inverse of A.
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5.3.2 An optimal Pilot Scheme for Massive MU-MIMO with High

User Load

In this chapter, we consider an uplink scenario where all mobile users simultaneously
transmit their pilots to the BS. As mentioned above, time-orthogonal pilot schemes in
the literature will consume substantial time resources in massive MU-MIMO-OFDM
systems with high user load. Thus, the pilots that are orthogonal for all users over the

frequency domain are considered in our system.

For different system settings, the constraints on optimal pilot sequences are different.
For the OFDM systems with a single transmit antenna, the optimal pilot scheme should
be equi-powered and equi-spaced [112]. In [113], optimal training signal design for
frequency-selective channel estimation in MIMO-OFDM systems is analyzed based on
minimizing MSE. For the MIMO-OFDM systems with flat-fading channels (L = 1), the
optimal pilot sequences on different transmit antennas must be orthogonal. When the
channels are frequency selective (L > 1), the optimal pilots on different users should
be orthogonal not only to the pilot sequences of other users but also to the phase shifts
of these sequences. In other words, the optimal pilot sequences for channel estimation
based on one or multiple OFDM symbols are shown to be equi-powered, equi-spaced,
and phase-shift orthogonal. Furthermore, the authors in [114] present more general

optimal training signals for MIMO-OFDM channel estimation.

With unit modulus and good periodic correlation properties, the constant amplitude
zero autocorrelation (CAZAC) sequence is able to satisfy the conditions of the optimal
pilot design. As a well-known CAZAC sequence, the Zadoff-Chu (ZC) sequence [115]
is widely used in wireless communication systems. Based on the ZC sequence, the

pilot of the mth user is proposed as:

.mtu® (@0 -+W mod 2—|—2qm)) (5.6)

(@) =exp (- B
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where @ € {1,---,W} is the subcarrier index in the pilot symbol, g, denotes the
phase shift of the mth user, and u is an integer that is prime to W. Except for
constant amplitude, the special autocorrelation property of ZC-based pilot sequences is
particularly useful. Concretely, the autocorrelation of a ZC sequence with a cyclically
shifted version of itself is zero, i.e., different cyclically shifted versions of a ZC
sequence are orthogonal to one another. Since circular shift orthogonality in the
time domain is equivalent to phase shift orthogonality in the frequency domain, the
proposed ZC-based pilots in (5.6) meet the conditions of optimal pilot sequences

mentioned above.

To obtain the exact form of (5.6), we need to know the proper value of phase shift
gm- To minimize the MSE, the phase shifts of any two users must satisfy the specific
constraint like the (22) in [113]. For the scenario with M users and frequency-selective
channels with L paths, the phase shift g, can be set to (m— 1)L, m € {1,--- ,M}. Let

u=1and W mod 2 = 0, then the simplified version of (5.6) can be written as:

5.7

2 () = exp (—j”w<”+€v(m_ w)

Note that the optimal pilot sequence in [113] is not based on the ZC sequences, which
is different from our proposed pilot (5.7). However, this pilot scheme and (5.7) share
many similar properties, since it can be viewed as a part of (5.7). We can rewrite (5.7)

as:

(5.8)
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As mentioned in [113], when b, is optimal, the product of b, and an arbitrary sequence

Tw?

with unit modulus like the exp (%2

> in (5.8) is also optimal. This conclusion can
demonstrate that the proposed pilot sequences in (5.7) and (5.8) are optimal from

another perspective.

5.3.3 D-CNN: An Efficient Channel Denoising Network

To improve the performance of channel estimation in massive MU-MIMO-OFDM
systems, we first analyze the channel estimation error. For the transmit-receive
relationship in (5.4) and the corresponding LS estimation in (5.5), the CE error model

can be denoted as:

H'=H"+E" (5.9)
where E" indicates the channel estimation error. For most of the existing DL-based

channel estimation schemes, the coarse estimate H"in (5.9) is refined by learning the

following mapping function:

I(ﬁ") ~H' =H"—-E" (5.10)

where the refined estimate F (f{\ ”) and F () are the output and the mapping function
of channel estimation networks, separately. For LS channel estimation (5.5) of the
CIR, the additive Gaussian noise n;“, is the dominant source of CE error E”. Thus,
proper denoising can significantly improve the estimation performance. Inspired by
an efficient image denoising scheme [116], we propose a denoising CNN, D-CNN, to
eliminate the CE error E" in the delay domain. Instead of learning F <ﬁ ”) directly to

predict the accurate channel H", D-CNN learns the denoising mapping ‘H (f—I\ ”> ~ E"
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to remove E” from the coarse estimate H" as follows:

H' —H'-H (ﬁ) (5.11)

To solve equation (5.11) explicitly via D-CNN, a special residual layer with subtraction
which takes the original input H" and the output of the last convolutional layer
H (f—I\ ”) is added at the end of D-CNN. In the original paper on residual learning
[62], the residual mapping R (x) = F (x) 4 x is learned via additive residual layers to
ease the training of very deep networks. For the CE task in (5.10), the R (I/LI\ ”) is
still learned to predict H" directly, which is different from the H <f—I\ ") for explicit
denoising. To validate the effectiveness of the specialized subtractive residual layer in
D-CNN for channel denoising, the MSE performance of D-CNN and a CNN with a

widely-used additive residual layer will be compared in Subsection 5.5.

—~ ~ ~ T
For the mth user, HJs = |hyy" - )" | € CM is the CIR estimated by the LS
(5.5). Replacing the H"in (5.11) by the new input H s> the D-CNN for MU-MIMO-

OFDM channel estimation can be formulated as:
Hijeyy = His—H (H) (5.12)

where H' DCNN € CNL is the output of D-CNN. In modern OFDM systems, the number
of subcarriers W in each symbol is generally much larger than the number of channel
taps L in the frequency-selective communications channel. Therefore, the size of H Is
in the delay domain is much smaller than the channel matrix H FrT € CM in the
frequency domain. The small-sized input H [s leads to the low complexity of compact
D-CNN. Note that the complex-valued H [ needs to be separated into the real and
imaginary parts first, so the input size of D-CNN is (N, L,2). (N, L,2) is also the output
size of the D-CNN.
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For the hidden layers of D-CNN, the size of convolutional filters is set to 3 x 3, and
the rectified linear unit (ReLU) is adopted as the activation function. To get a better
trade-off between performance and complexity, choosing a proper number of filters and
layers for D-CNN is essential. Generally, increasing the number of filters can improve
CNN’s performance since the network can learn additional features. Based on our
trials, the performance improvement by further increasing the number of convolutional
filters from 16 is minor. Thus, each hidden layer of D-CNN has 16 filters. The choice
of depth for D-CNN will be illustrated in Section 5.5. Moreover, the last convolutional
layer of D-CNN only uses 2 filters, and then its output is subtracted from the original

input H [ s in the residual layer, as shown in Fig. 5.3.

5.4 DRSF-CNN: End-to-end Learning across Different

Domains

Before elaborating on the different modules of the proposed DRSF-CNN, we first
introduce the overall framework. As illustrated in Fig. 5.3, DRSF-CNN consists of
a D-CNN proposed in Section 5.3, a customized FFT layer, and an RSF-CNN. Note
that the matrix sizes in Fig. 5.3, e.g. (N,L,2), indicate the output sizes of different
layers. With the help of the customized FFT layer, D-CNN and RSF-CNN working in
different domains can be trained end to end rather than one by one. Moreover, in this
section, the proposed RSF-CNN and DRSF-CNN are introduced in detail. Finally, we

compare the complexity of our DRSF-CNN and SF-CNN [108].
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Figure 5.3: The architecture of DRSF-CNN consisting of a D-CNN, a customized FFT
layer, and an RSF-CNN.

5.4.1 Network Architecture

Unlike the D-CNN which learns the special mapping 7{() to denoise CIR in the delay
domain, most existing CNN-based channel estimators like [108] learn the mapping
F () to refine the estimates of CFR in the frequency domain. With the aim of improving
estimation performance, the schemes combining several CNNs or LSTMs are proposed
in [104], [105], and [107]. However, the data among different layers or networks is
always the CFR, which means these solutions can only extract channel features in the
frequency domain. To learn the underlying features of channels in both the delay and
the frequency domains, RSF-CNN is proposed to further enhance the performance of

D-CNN:
R <(ﬁg’CNN> ; D) —F <(ﬁgCNN> ; D) + (ﬁ;)"CNN)ZpD (5.13)

where D is an FFT matrix, and R() is the typical residual mapping with an additive
residual layer, as in Subsection 5.3.3. Since the output of D-CNN, H DCNN € CN
has a smaller size than the input of RSF-CNN, zero padding is conducted first, i.e.,

(f{\ gCNN) N € CNW. After FFT operation, <H l')”CNN) » is converted to ﬁl’p’lFT =

(f{\ I’)"CNN> " D, i.e. the input of RSF-CNN in the frequency domain. The input size
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of the RSF-CNN is (N, W,2).

Similar to the D-CNN, each hidden layer of RSF-CNN has 16 filters of size 3 x 3
followed by a ReLU activation, and the output layer has 2 filters and no non-linear
activation. With a residual layer, a skip connection adding the input to the output is

realized in RSF-CNN. The final output size of the RSF-CNN is (N, W,2).

Different from the multiple cascaded CNNs or LSTMs with the same input and output
size in the existing schemes [104] and [107], the output of D-CNN and the input of
RSF-CNN have different sizes and are in different domains. To train the D-CNN and
RSF-CNN jointly to minimize the overall MSE, a series of operations including zero
padding and the FFT needs to be integrated into a layer between these two CNNGs.
Motivated by this, we develop a customized FFT layer, as shown in Fig. 5.3. In the
FFT layer, the output of D-CNN, H peny 18 first converted to a complex matrix. After
zero padding, the FFT of length W is conducted for each row of the complex channel
matrix, which is then reorganized into a real matrix of size (N,W,2). The end-to-
end CE network consisting of a D-CNN, an FFT layer, and an RSF-CNN, is called
denoising residual SF-CNN (DRSF-CNN). Combining the D-CNN (5.12) and RSF-
CNN (5.13), DRSF-CNN can be expressed as:

Hesrenn =R ((ﬁfs —-H (ﬁ\fs))ZpD) (5.14)

where H mesreny € CVY s the output of DRSF-CNN. Note that the input size of
DRSF-CNN is (N,L,2), and the output size is (N,W,2). The depth of DRSF-CNN
will be illustrated in Section 5.5. The MSE loss function used to train the entire DRSF-

CNN is:

2
(5.15)

s
1 —
MSE loss = S E HH§" — Hprspenn s
s=1

where s indexes the sth sample in a mini-batch and S is the batch size.
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5.4.2 Complexity Analysis

In [108], an SF-CNN is proposed to refine the coarse estimation by exploiting channel
correlations in the frequency domain. Note that the design and target systems of the SF-
CNN and the proposed schemes are totally different. First, the SF-CNN takes the input
of size (N, M,4) to jointly estimate the channels of M transmit antennas in a point-to-
point MIMO system. Moreover, SF-CNN only considers the correlation of adjacent 2
subcarriers, and it has 64 filters in each of 9 hidden layers with no residual design. To
compare SF-CNN fairly with our schemes in terms of complexity and performance,

we adapt its input size to (N, W,2) for the massive MU-MIMO-OFDM system in this
paper.

The comparison results of complexity are shown in Table 5.1, where the number of
BS antennas is N = 64, the number of channel paths is L = 20, and the number
of subcarriers is W = 512. For the convolutional layers, the number of trainable
parameters N, and the complexity in floating point operations (FLOPs) F. are

calculated by the following functions:
N, = GK*C,+C, (5.16)
F. = CK*C,NW (5.17)

where C; and C, are the numbers of input and output channels (i.e., the third dimension
of data), respectively. K is kernel size. Note that the layers with index 7, 9 and 16 in
DRSF-CNN have no trainable parameters, and their computational complexity can be
ignored. The complexity of the FFT layer is only NWlogW . Moreover, DRSF-CNN has
an extra output layer (layer 6), which is much less complex than normal convolutional
layers. Therefore, DRSF-CNN can be viewed as an end-to-end network with the same

depth (nine hidden layers) as the SF-CNN. According to the numerical results in Table
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Table 5.1: The comparison of the number of trainable parameters and computational
complexity for the SF-CNN and the proposed DRSF-CNN.

CE Layer Type . Outpyt Number of Complexity
schemes index dimensions | tr. param. in FLOPs
1 Input (64,512,2) / /
2 Ist Conv. | (64,512,64) 1216 37.75M
SF-CNN
[108] 3~10 Conv. (64,512,64) | 36928 each | 1.21G each
11 Output (64,512,2) 1154 37.75M
Sum 297794 9.76G
1 Input 1 (64,20,2) / /
2 Ist Conv.1 | (64,20,16) 304 0.37M
3~5 Conv. 1 (64,20,16) | 2320 each | 2.95M each
6 Output 1 (64,20,2) 290 0.37M
7 Sub. Res. (64,20,2) / /
Proposed | g FFT | (64.512.2) / 88.78K
DRSF-
CNN 9 Input 2 (64,512,2) / /
10 Ist Conv.2 | (64,512,16) 304 9.44M
11~14 | Conv.2 | (64,512,16) | 2320 each | 75.50M each
15 Output2 | (64,512,2) 290 9.44M
16 Add Res. | (64,512,2) / /
Sum 17428 330.56M
Onzﬁyer / 429G 8.59G

5.1, the number of learnable parameters and FLOPs of the whole DRSF-CNN are

only 17428 and 330.56M, which are even less than those of one convolutional layer in

SF-CNN. The first reason why DRSF-CNN has much fewer trainable parameters and

lower complexity is that it only needs 16 filters per hidden layer to get a competitive

CE performance via effective denoising in both the delay and SF domains. Second, the

feature map size of the layers 2 ~ 6 in DRSF-CNN is much smaller than that of the

corresponding layers in SF-CNN, as L =20 < W =512.
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In Table 5.1, we also calculate the computational complexity and the number of
learnable parameters of a channel estimation neural network with only one fully-
connected layer. First, 4.29G parameters are significantly more than the parameters
of the two CNNs, which means the training of the one-layer NN will cost much more
time and resources. Furthermore, the one-layer DNN has comparable complexity with
the entire SF-CNN and is much more complex than the proposed DRSF-CNN. Thus, as
discussed in Subsection 5.2.2, it is very difficult to implement DNN-based CE schemes

in the literature in our massive MIMO-OFDM system.

5.5 Simulation Results

In this section, we first describe the configuration of the channel model and system
used in this chapter and introduce the implementation details of our proposed three CE
networks. Then, the convergence and MSE performance of the proposed CE networks
and the state-of-the-art SF-CNN [108] are compared to demonstrate the superiority of

our channel estimation schemes.

5.5.1 Implementation Details

A real-world 3D channel model from the 3rd Generation Partnership Project (3GPP)
TR 38.901 [95] is used to generate the channel realizations. Similar to Chapter 4,
this channel model is implemented based on an open-source channel simulation tool,
QuaDRiGa [29]. Here we adopt the same channel parameters as Table 4.2 so that the
DRSF-CNN channel estimator and the MMO-Net detector can be evaluated jointly
as an entire receiver. In the high-loaded massive MU-MIMO-OFDM system, there
are M = 32 single-antenna users that are randomly dropped into the cell, and they are
served by a BS equipped with N = 64 antennas. The number of channel paths is L = 20,

and the number of subcarriers is W = 512.
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As shown in Fig 5.1, all mobile users simultaneously transmit frequency-orthogonal
pilots with a CP of length 32 to the BS. The optimal pilot sequence is generated
according to equation (5.7) and only occupies one OFDM symbol. All the operations in
Fig 5.1 before network training, including the channel generation, the process of pilot
transmission, and the LS coarse estimation are implemented with complex-valued data
in Matlab. Then, the coarsely estimated channels are reorganized in the real-valued

form and packaged into the training and independent testing datasets.

For the proposed three CNNs and the competitor, SF-CNN [108], the training and
validation datasets contain 7200 and 800 channel realizations, respectively. Different
from [108] where different CNNs are trained separately for different SNRs, we only
choose a moderate value of 15 dB as the training SNR and test the trained CNNs with
1000 samples per SNR. The number of training epochs is 400, and the batch size is 40.
Moreover, we choose Adam [75] as the optimizer. To accelerate the offline training, we
set a decay of learning rate (LR) for the Adam optimizer. The initial LR of the decay

is set to 0.001, and this value is halved per 100 epochs.

5.5.2 Impact of Depth and Residual Layers

For a better trade-off between performance and complexity, one essential issue in
structure design is to set a proper depth for DRSF-CNN. As shown in Fig. 5.3,
there are two sub-networks, D-CNN and RSF-CNN in DRSF-CNN, and they have
different residual layers which are also relevant to the choice of network depth.
In this subsection, we investigate the impacts of the depth and residual layers on
network performance to determine the best architecture of DRSF-CNN and validate
its superiority. In our simulations, the MSE performance of the following DL-based
channel estimators is compared in the massive MU-MIMO-OFDM system with 3GPP-

3D channels:
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. D-CNN: The proposed D-CNN that denoises estimated CIR in the delay domain
with a subtractive residual layer, as in Subsection 5.3.3. For a fair comparison
with other CNNs that output CFR, the FFT layer is integrated into D-CNN.

. D-CNN+: The D-CNN with an additive residual layer.

. SF-CNN: A state-of-the-art CE network with 9 hidden layers [108]. To adapt it to
our MU-MIMO-OFDM system, we change its input, remove the tanh activation
in the output layer, and maintain other settings.

. RSF-CNN: The proposed CNN-based estimator with an additive residual layer
that refines CFR in the SF domain. To show the improvements of the residual
layer, it has the same 9 hidden layers and network parameters as SF-CNN.

. DRSF-CNN: Our proposed end-to-end network designed for MU-MIMO-
OFDM channel estimation. It combines D-CNN, a customized FFT layer and

RSF-CNN, as shown in Fig. 5.3.

First, the impact of network depth for different D-CNNs with or without the residual
layer is illustrated in Fig. 5.4. Note that the results are obtained under 15 dB, and the
two D-CNNs share the same training dataset and network parameters except for the
residual layer. In general, the receptive field of D-CNN is increased as network depth
increases, which can help D-CNN make use of the context information in a larger
region of the input channel matrices. However, without the residual layer, the MSE
of D-CNN meets a floor when its depth is larger than 3, which means the increase
in network depth or receptive field does not provide performance gain in this case.
By contrast, with the help of the subtractive residual layer, the MSE performance of
D-CNN is improved with more hidden layers. Due to the more efficient denoising,
the D-CNN with the residual layer significantly outperforms the one without the
residual layer. In addition, empirically, as the network depth increases, the efficiency

of performance improvement will reduce. From Fig. 5.4, we can see that the degree of
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Figure 5.4: The impact of the number of hidden layers for different D-CNNs.

MSE performance improvement for the D-CNN with the residual layer is the greatest
when its depth is 4 and then becomes minor when the depth further increases. For a
better performance-complexity trade-off, the number of hidden layers in D-CNN is set

to 4.

To validate the effectiveness of the denoising mapping #() in (5.12), in Fig. 5.5, we
compare the MSE performance versus training epochs of the baseline D-CNN+ and the
proposed D-CNN. In Subsection 5.3.3, we elaborate on the denoising mapping H (f{\ >
learned by D-CNN and explain the difference between H() and the widely-used
residual mapping R() in [62]. To compare the estimation performance of these two
mappings, we train the D-CNN+ with an additive residual layer to learn the R <1/LI\ )
Note that D-CNN+ also has the same 4 hidden convolutional layers as D-CNN. As
shown in Fig. 5.5, D-CNN outperforms D-CNN+ in the whole training process. This
numerical result demonstrates that the mapping 7 () learned via the subtractive residual

layer can better denoise the estimated CIR in the delay domain.
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Figure 5.5: Training process of the D-CNN+ and the proposed D-CNN.

According to the results in Fig. 5.4-5.5, the best architecture of the first sub-network of
DRSF-CNN is the D-CNN with four hidden layers and a subtractive residual layer. To
better understand the effect of the second residual layer and decide the total depth of
the DRSF-CNN, we present the MSE performance versus the number of hidden layers
of the DRSF-CNN’s second sub-network (i.e., RSF-CNN) in Fig. 5.6. In this figure,
the DRSF-CNN with the second residual layer always performs better. Without this
residual layer, the performance of DRSF-CNN is degraded with the increase in depth.
In contrast, with the aid of the second residual layer, DRSF-CNN can obtain accuracy
gains from increased depth. According to our experimental trials, further increasing
the number of hidden and residual layers as in [62] can not provide significant MSE
performance gains for the CE tasks in our massive MU-MIMO-OFDM system. Thus,
we choose to use 5 hidden layers in the RSF-CNN. The final architecture of the entire

DRSF-CNN is illustrated in Fig. 5.3.
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Figure 5.6: MSE of DRSF-CNN versus the number of hidden layers in RSF-CNN.

5.5.3 Convergence Analysis

The MSE performance versus the training epochs of the SF-CNN [108] and the
proposed three CE networks is presented in Fig. 5.7. Note that the input of D-CNN and
DRSF-CNN is the coarsely estimated CIR H, s, while the input of SF-CNN and RSF-
CNN is the CFR after FFT, i.e. (f{\ LS>z D. Since the MSE of these CNNs decreases
drastically at the start of training, we adoSt 10 points in the first 100 epochs and 6 points
in the remaining 300 epochs. In this figure, SF-CNN starts to converge after 300 epochs
and has the worst performance. With the same number of layers and filters, RSF-
CNN performs much better and converges faster than SF-CNN, which demonstrates

the effectiveness of our residual design for frequency-domain channel estimation.

In Fig. 5.7, RSF-CNN outperforms D-CNN before 50 epochs, while D-CNN achieves
better performance when these two CNNs are converged. As discussed before, the
proposed D-CNN and RSF-CNN focus on different characteristics of channels in

different domains, and they are trained to learn different mapping functions via
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Figure 5.7: Convergence curves of the SF-CNN and the proposed CNN-based
estimators under the realistic 3GPP-3D channels and 15dB SNR.

different residual layers. D-CNN aims to eliminate channel noise in the delay domain,
while RSF-CNN exploits the spatial correlation between adjacent antennas and the
frequency correlation of channels in different subcarriers to improve the channel
estimation accuracy. Thus, by combining the efficient D-CNN and RSF-CNN in
different domains, DRSF-CNN has the best performance among the four CNNs and
fast convergence. More precisely, it outperforms all the converged competitors from

40 epochs and starts to converge at only 150 epochs.

5.5.4 MSE Performance and Robustness to SNRs

Fig. 5.8 illustrates the MSE Performance versus SNR of the conventional LS and
LMMSE estimation, the SF-CNN, and the proposed RSF-CNN and DRSF-CNN.
Without consideration of noise information, the LS has the worst estimation perform-
ance in this figure. Due to the less effect of noise, the performance gap between the

LS and LMMSE becomes smaller as SNR increases. Moreover, both the SF-CNN



5.5. Simulation Results 124

10°

LS
-=—|_MMSE
—+-SFCNN
——RSFCNN []
DRSFCNN

MSE

5 10 15 20 2‘5
SNR(dB)

Figure 5.8: MSE versus SNR of the LS, LMMSE, SF-CNN, the proposed RSF-CNN
and DRSF-CNN; Training SNR = 15dB.

and the proposed two CNNs significantly outperform the LS. Thanks to the ability
to exploit channel correlations, all CNN-based schemes can efficiently refine the LS
coarse estimation and improve MSE performance. With the help of the residual layer,
the RSF-CNN is averagely 2 dB better than the SF-CNN in Fig. 5.8. As shown in Fig.
5.3 and Table 5.1, DRSF-CNN replaces the 2 ~ 6th layers of RSF-CNN with a compact
D-CNN and takes small-sized input. Compared to the SF-CNN and RSF-CNN with the
same depth, DRSF-CNN has not only lower complexity but also better performance
under all SNRs. By fusing the powerful denoiser D-CNN, the specially designed FFT
layer, and the residual RSF-CNN, the DRSF-CNN can efficiently learn underlying

channel features in the delay and frequency domains to minimize the overall MSE.

Unlike in [108] where different neural networks are trained separately for different
SNRs, we only train one network under 15 dB SNR and test it over all operating
SNRs. Thus, the robustness of the CNN-based schemes to different SNRs can also be

evaluated in Fig. 5.8. Under the training SNR 15dB, it is obvious that the performance
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gap between the conventional LMMSE and the three CNNs is the largest. However,
for the untrained SNRs, especially when SNR = 5 dB or 25 dB, the performance gain
of both SF-CNN and RSF-CNN decreases obviously. In this case, the performance
advantage of DRSF-CNN over the rest two CNNs is more remarkable. Therefore,
the generalization ability of DRSF-CNN to different SNRs is better than the SF-CNN
[108] and the RSF-CNN which only utilize channel features in the spatial-frequency

domain.

5.5.5 Detection Performance with DRSF-CNN Estimation

In the literature, most model-driven detection schemes work with perfect CSI rather
than channel estimators. In Chapter 4, several state-of-the-art DU-based detection
networks and the proposed MMO-Net are also evaluated with perfect CSI, which
is unrealistic in practice. In [88], a joint channel estimation and signal detection
architecture is proposed for a 4x4 single-user MIMO system with i.i.d. Gaussian
channels. However, accurate channel estimation is much more challenging for the
massive MU-MIMO-OFDM system and the 3GPP-3D channels considered in Chapter
4. In this chapter, we have proposed the DRSF-CNN, thus we are now ready to evaluate

it together with the MMO-Net as an entire receiver.

In this subsection, we choose the OAMP-Net2 [88] which outperforms other detectors
in Fig. 4.6-4.7 as the baseline. For the MIMO system with the DRSF-CNN channel
estimator, the BER performance of two DU-based detectors is compared in Fig. 5.9.
Note that the same system SNR is assumed in the pilot and data transmission stage.
To the best of our knowledge, this is one of the first works that jointly evaluate the
DL-based channel estimator and DU-based detectors in massive MU-MIMO-OFDM

systems with real-world channels.
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Figure 5.9: BER performance of OAMP-Net2 and MMO-Net with DRSF-CNN channel
estimation for a 32 x 64 MIMO-OFDM system under two different channels.

In Fig. 5.9, compared to the simple case with Gaussian channels, MMO-Net has a
wider performance gap with OAMP-Net2 under realistic 3GPP-3D channels. Moreover,
according to the results in Fig. 4.6-4.7 and Fig. 5.9, MMO-Net suffers a smaller
performance loss from channel estimation than OAMP-Net2 for both channel models,
especially for 3GPP-3D channels. Specifically, if we target for BER = 1072, the
performance gap between MMO-Net and OAMP-Net2 is 3.7 dB in Fig. 4.7 (a), and this
gap increases to 5.1 dB in Fig. 5.9. Due to the nature of its OAMP structure, OAMP-
Net2 requires strict assumptions on channel matrices. Thus, OAMP-Net2 can not
generalize its excellent performance from i.i.d. Gaussian channels to realistic channels
with i1l conditions and spatial-frequency correlations. By contrast, MMO-Net requires
no assumption on channel properties, which makes it more robust to realistic channel

realizations and channel estimation errors.
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5.6 Summary

Recently, deep learning-based receivers have shown promising results on simple
systems in the literature. However, degraded performance or high complexity limits
their universality in massive MU-MIMO-OFDM systems. This is particularly true with
the conditions of a high user load and realistic channels. To solve this problem, this

chapter proposes three CNN-based channel estimators.

Firstly, in Section 5.3, a frequency-orthogonal pilot scheme is developed to save
time resources for massive MU-MIMO systems with high user load. This ZC-based
pilot sequence is optimal for frequency-selective channel estimation in MIMO-OFDM
systems. In the delay domain, a compact D-CNN is proposed to denoise coarse
estimates of explicitly via a special subtractive residual layer. As a result, D-CNN
outperforms the CNN-based estimators with the additive residual layer or without

residual design.

In Section 5.4, to further enhance the estimation performance of D-CNN, we also
propose RSF-CNN to exploit channel correlation in the spatial-frequency domain.
Moreover, a customized FFT layer is added between D-CNN and RSF-CNN, resulting
in the end-to-end network, DRSF-CNN. Since it can jointly learn channel features
across different domains to minimize the overall MSE, DRSF-CNN achieves state-of-
the-art performance and fast convergence. In addition, compared with the DNN-based

CE networks and the SF-CNN [108], DRSF-CNN has lower complexity.

In Subsection 5.5.5, the competitive performance of the receiver consisting of the
MMO-Net proposed in Chapter 4 and the DRSF-CNN is demonstrated under the
challenging scenario, i.e., the high-loaded MIMO-OFDM system with realistic chan-
nels. However, the proposed schemes and corresponding results in Chapters 4 and 5

are obtained in infinite-precision systems. In fact, the power consumed by analog-to-
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digital converters (ADCs) is dominant in modern receivers, which is a key bottleneck to
wideband and massive MIMO systems. Low-resolution ADC is able to reduce power
consumption significantly but leads to difficulties in accurate signal detection. Hence,
in the next chapter, we will investigate the DL-based detection schemes for massive

MU-MIMO-OFDM systems with low-precision quantization.



Chapter 6

Deep Unfolding-based Detection for Ma-
ssive MU-MIMO-OFDM Systems with
Coarse Quantization

6.1 Introduction

Massive multiple-input multiple-output (MIMO) systems equip cellular base stations
(BSs) with a very large number of antennas, which can potentially provide major
gains in spectral and energy efficiency [117]. However, as the number of antennas
increases, the power consumption of analog-to-digital converters (ADCs) becomes
very significant, which hinders the deployment of large bandwidth and large-scale
antenna systems [118]. Using coarse quantization is able to provide high sampling
rates at low power consumption, but signal detection becomes more challenging due to
the strong nonlinearity introduced by low-resolution ADCs. Thus, there is a growing
requirement to operate reliably with low-precision ADCs in massive MIMO receivers
of the fifth generation (5G) communication systems, which are designed to handle

wideband analog signals from multiple antennas [119].

Due to its easy integration with MIMO and low complexity, orthogonal frequency-
division multiplexing (OFDM) is widely applied in communications products [120].

For frequency-selective channels considered in this chapter, we investigate the detec-

129
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tion schemes for the uplink scenario of massive multiuser (MU) MIMO systems

combined with OFDM.

6.1.1 Literature Review

Over the past decade, detection schemes for quantized MIMO systems have been
extensively proposed. Linear detection algorithms like maximal ratio combining,
have been studied in [121]. In [122], a belief propagation-like MIMO detector with
low complexity is proposed for quantized data. Based on a minimum mean square
error (MMSE) approach, the authors of [123] jointly optimize the quantizer and
the iterative decision feedback equalizer for MIMO channels. Furthermore, for MU-
MIMO detection tasks, a new Message Passing De-Quantization algorithm [124] is
developed by simplifying Sum-Product-Algorithm. However, all of these detection
algorithms have only been evaluated on frequency-flat channels. Only a few papers
like [111] have applied low-resolution ADCs in the more practical case of frequency-
selective channels. The results in [111] have demonstrated that systems with 4-6 bits
ADC resolution can approach a similar performance to unquantized multiuser (MU)-

MIMO-OFDM systems.

Deep learning (DL) has recently garnered growing interest in data detection. In [9] and
[52], the entire communication system is packaged into an autoencoder (AE) in an end-
to-end fashion. Different from these black-box-like receivers, our RecNet proposed
in Chapter 3 replaces some function blocks in OFDM receivers with deep neural
networks (DNN) and is easier to be optimized [10]. For MIMO detection, a data-driven
blind receiver is proposed in [125]. Meanwhile, a model-driven detector achieves

superior performance, which combines iterative approximate message passing (AMP)
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architecture with online learning [90]. To avoid the extra training overhead and latency
caused by online learning, a deep unfolding (DU)-based network trained offline, i.e.
MMO-Net [12], is proposed for the robust detection in massive MU-MIMO-OFDM

systems with realistic channels.

In recent years, DL-based detection is gaining popularity in coarsely quantized
systems. In [70], an AE-based receiver is proposed for the 1-bit OFDM system.
Similar to the RecNet [10], the DL-based channel estimator and signal detector are
separated in 1-bit OFDM receivers [126]. With the help of block-based design, this
scheme outperforms the black-box receiver in [70]. Yet these papers only consider
single-antenna systems. There are also some works that apply DL tools in MIMO
detection tasks with low-resolution ADCs. In [127], the authors proposed a 1-bit
transceiver for small-scale MIMO, while [128] presented DNN-based massive MIMO
channel estimation and detection. However, the majority of DL-based MIMO detectors
with low-precision ADCs did not consider frequency-selective channels and OFDM,
which is a major waveform for both uplink and downlink in 5G New Radio [120].
Reliable detection in quantized MIMO-OFDM systems is extremely difficult since the
orthogonality in received OFDM signals is disrupted by the severe distortion of low-

resolution ADCs.

6.1.2 Contributions

As discussed in the last subsection, both existing conventional and DL-based detection
schemes hardly consider the combination of massive MU-MIMO, frequency-selective
channels, OFDM, and low-precision ADCs, which is more relevant for next-generation
communication systems. In addition, most NN-based works only adopt a small number

of transmit antennas (like 2 or 4) and low-order modulation (up to 4-Quadrature



6.1. Introduction 132

Amplitude Modulation (QAM)), which partly mitigate the problem of high complexity
but are not common in practical scenarios. These findings motivate us to design
an efficient detector for massive MU-MIMO-OFDM systems with low-precision

quantization. There are two main contributions in this chapter:

1. By introducing deep-unfolding (DU) tools [129] in the detection of quantized
massive MIMO-OFDM, we propose the QMMO-Net, which fuses the advant-
ages of model-based algorithms and data-driven DNNs to achieve a good trade-
off between performance and complexity. Specifically, a flexible non-linear
estimator with vector learnable parameters is designed to replace the generic x-
update step of alternating direction method of multipliers (ADMM). This design

allows QMMO-Net to handle the strong nonlinearity of low-precision ADCs.

2. Moreover, a differentiable projection is proposed to enable parameter updates
via gradient descent. Compared with the generic DNN architectures in [70],
[126]-[128], which have hundreds of times more trainable parameters, the
specialized QMMO-Net has performance guarantees and does not require a huge

number of training samples and long training time.

Our simulations demonstrate that QMMO-Net outperforms classic ADMMs and a
state-of-the-art DL-based detector [90] in coarsely quantized massive MIMO-OFDM
systems. Furthermore, the performance and robustness of quantized signal detection
are evaluated and analyzed in high-order modulations and high-loaded scenarios (e.g.,
the ratio between users and the number of receiving antennas is 1/4 or 1/2), which are

rarely studied in the literature.

The remainder of this chapter is organized as follows. In Section 6.2, the model of the
quantized MU-MIMO-OFDM system and the quantizer are first introduced. Then, we
discuss technical challenges of the massive MU-MIMO-OFDM detection with low-

resolution ADCs in Section 6.3, and we also propose the corresponding specialized
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Figure 6.1: The simplified flowchart of the considered massive MU-MIMO-OFDM
system. This coarsely quantized system is uncoded.

detection network, i.e., QMMO-Net. Moreover, Section 6.4 presents the simulation
results to validate the performance and robustness of QMMO-Net with different user
loads and modulation schemes, as well as the 1-3 bits ADCs. Finally, the conclusion

of this chapter is given in Section 6.5.

6.2 Preliminaries

6.2.1 System Model

In this chapter, we consider an uplink scenario where multiple users simultaneously
communicate with the BS in a single cell. Fig. 6.1 shows the massive MU-MIMO-
OFDM wireless system with low-precision ADCs, including M single-antenna users,
frequency-selective channels, and a base station equipped with N antennas. Note that
our MU-MIMO system is uncoded (i.e. open-loop), which means the users do not

require the channel state information (CSI).
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On the user side, the message bits are mapped into a sequence of symbols by QAM
modulation. The inverse fast Fourier transform (IFFT) is used to convert these symbols
to time-domain signals, which are then transmitted through wireless channels. On the
BS side, each antenna receives a noisy superposition of signals transmitted by users.

For each subcarrier m, the received symbols y® € CV can be represented as:

y®=H® z°+n? (6.1)

where H? € CN*M ig the channel matrix, and n® € CV is the Gaussian noise vector
with zero mean and variance Ny. £® € X is the transmitted symbol vector, which is
chosen from a constellation set X. To simplify the complicated notation of MU-MIMO-

OFDM systems, we omit the subcarrier index @ when it is not necessary.

6.2.2 Coarse Quantization

As shown in Fig. 6.1, a pair of low-resolution ADCs is utilized to quantize the
real and imaginary parts of each radio-frequency (RF) chain’s outputs at the BS
side. Specifically, the complex-valued element of the time-domain received signal
vector, i.e., s € C, is first converted to real scalars sg,s; € R and then quantized via
Q(sr,s7). The mapping function Q(-) : R — M is a quantizer, where M denotes the
finite quantization alphabet. In what follows, the quantization operation Q(-) will be

frequently applied element-wise to vectors and matrices.

For low-order modulation schemes like the 4-QAM widely used in [70], [126]-[128],
1-bit quantization is considered. For the nth BS antenna, the time-domain received

signal y, at the output of RF chain is quantized by a pair of 1-bit ADCs as:

vy = % sign (R (5)) + \% sign (3 (G)) 6.2)
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where sign(-) indicates the 1-bit quantizer with sign(z) = 1 and sign(—z) = —1 for
z > 0. For the higher-order QAM modulations, we utilize the B-bit scalar quantizer,
i.e. Q(sg) = gi, where g; is the quantization label chosen from M € {q1,q2,...,q8}.
Note that the real part sg and the imaginary part s; share the same M. The quantized
value of sg or 57, 1.€. g;, 1s determined by b;_; < sg < b;, where b; is the i-th quantization
bin boundary according to by = —oo < by < ... < bys = +oo. Therefore, the B-bit

quantization output of the received signal y, is expressed as:

Yg = Q(R(yn)) +7Q (S (Yn)) (6.3)

After the quantization operation, the y, is processed by W-point fast Fourier transform
(FFT), where W is the number of subcarriers in one OFDM symbol. Next, the
frequency-domain received vectors, channel matrices, and the training labels x are
reorganized in the real-value form following the equation (4.2) and then input into the

proposed detection network.

6.3 QMMO-NET: A Detection Network for Quantized

MU-MIMO-OFDM

In this section, we first discuss the difficulties of the massive MU-MIMO-OFDM
detection with low-precision ADCs. Then we present the corresponding specialized
architecture and the DU-based detection scheme that unfolds the iterations of our

model-driven algorithm into a layer-wise neural network.
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Figure 6.2: BER versus SNR curves of the 32 x 64 and 8 x 64 uncoded MU-MIMO-
OFDM systems with 16-QAM and 3-bit ADCs.

6.3.1 Technical Challenges

Although preprocessing data with the help of CSI can mitigate the interference
between transmitted signals, the overhead of obtaining CSI at the transmitter side
can be significant, especially for large-scale MIMO systems. Thus, we consider an
open-loop MU-MIMO-OFDM system in this chapter, which means all burdens of
data processing like handling the co-channel interference (CCI) are placed on the
receiver side. Moreover, the explosion of advanced applications has propelled the
development of wireless communication into 5G to achieve a thousandfold capacity
and massive connectivity. Therefore, for BSs with a fixed number of antennas, it is
practically important to serve as many users as possible. Whereas, the CCI notably
increases when the ratio between users and the number of receiving antennas becomes
larger. Fig. 6.2 depicts the bit error rate (BER) versus signal-to-noise ratio (SNR) of
our uncoded MU-MIMO-OFDM system with different user loads and 3-bit ADCs.

Compared with that in the 32 x 64 high-loaded case, the performance gap between the
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zero-forcing (ZF) detection and the SIMO lower bound without CCI is significantly
diminished in the 8 x 64 case (M x N denotes the system with M users and N receiving
antennas). Therefore, to get an acceptable BER performance in MIMO systems with
low-resolution ADCs, prior works mainly adopt low-loaded settings of Rx antennas

with minor CCI, e.g., 4 Tx antennas with 64 Rx antennas in [128].

Although the MIMO-OFDM system has many advantages and has become the main
scheme of 5G new ratio, it is more sensitive to low-resolution ADCs than the single-
carrier MIMO systems considered in the literature. This is because the orthogonality in
the received signals in the frequency domain is no longer preserved due to the severe
inter-carrier interference (ICI) caused by coarse quantization in the time domain [70].
The disruption of orthogonality and the severe distortion of low-precision ADCs make

the accurate detection for quantized MU-MIMO-OFDM systems very challenging.

With the ability to deal with non-linear distortions, conventional DNN architectures
show promising performance in either coarsely quantized MIMO [127]-[128] or
OFDM systems [70], [126]. However, due to the data-driven nature, the huge parameter
sizes of these black-box DNNs will further increase in massive MU-MIMO-OFDM
systems. For example, for the single-antenna OFDM in [126], there are at least
256 x 256 = 65536 parameters in the first fully-connected layer when the input size
is 256, and the network needs 10000 epochs to be well trained. When combined
with 32 x 64 MIMO chains in our system, the parameter number of the DNN-based
scheme [126] will increase by at least two orders of magnitude. Correspondingly,
the training samples and time will also significantly increase. Thus, the substantial
overhead hinders the implementation of generic DNNs in massive MU-MIMO-OFDM
systems. Moreover, such DNNs are not interpretable and highly rely on the training
data that must have similar statistics as the data from where they operate, which may
lead to significant performance reduction of these DNNs in dynamic communication

systems.
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In summary, in the context of high-loaded massive MU-MIMO-OFDM systems with
low-resolution ADC:s, it is desirable to develop a low-complexity detection scheme
that can cope with severe CCI and non-linear distortions. This is the main aim of this

chapter, and the scheme we proposed will be introduced in the next subsection.

6.3.2 QMMO-Net Design Based on Deep Unfolding

An efficient detector is supposed to approach a good trade-off between performance
and complexity. Unlike the typical DNN-based architectures, model-driven networks
are interpretable and less complex in massive MU-MIMO-OFDM systems. In con-
sideration of the success of DU-based detectors in our work [12] and the literature
[86]-[89], here we propose to extend the DU-based schemes under infinite-precision

quantization to the systems with low-precision quantization.

According to the numerical results in Chapter 4, the ADMM-based architecture of
the proposed MMO-Net has superior performance and robustness in massive MU-
MIMO-OFDM systems with high user load. Therefore, we first revisit the ADMM-

based MIMO detection algorithm derived in Subsection 4.3.2 as follows:

(1
ousr =argmin{ 3y~ Hal3+5 o2+ B}
(6.4)

= (HHH—i—pI)_l [H"y+p (21 — )]

2t = argmin {g(2) + £ | (@xs1 + 1) — 215 }
= Hx (k1 + k)

Upt] = Ug — Zp1 + Thr 1 (6.6)

(6.5)
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where wuy is the scaled dual variable, k is the iteration index, p is the step size of
ADMM, and T is a unitary matrix that has the same size as H? H. As g(z) is the
indicator function of the constellation set ¥, the z-update can be solved by H% 1e. a

Euclidean projection onto x [92].

Here, the x-update (6.4) derived based on the derivative of equation (4.13) involves

%, which only considers the linear system model (6.1). As dis-

minimizing ||y — Hz
cussed in Subsection 6.3.1, low-precision quantization in (6.2)-(6.3) introduce severe
nonlinearity in the massive MU-MIMO-OFDM systems, which makes the detection
task extremely difficult. Due to its very limited flexibility, the linear x-update in (6.4)
can not cope with the strong non-linear distortions in such a challenging system. On the
other hand, limited by the unacceptable complexity and training overhead, the overly
general DNN models in [70], [126]-[128] are also unrealistic. Therefore, a specialized

architecture with moderate flexibility and non-linear functionality is necessary.

Similar to the problem of the massive MIMO detection with infinite-precision quant-
ization in Chapter 4, the coarsely quantized detection in this chapter requires us to
solve high-dimensional convex optimization problems, which is also one of the main
interests in the machine learning field. The form of a generic convex optimization

problem can be expressed as:

minimize f(x)+g(z), subject to ==z (6.7)

where f(z) = §|ly — Hz||} is the estimation loss for the MIMO detection task in (4.3).
Except for the ADMM algorithm in (6.4)-(6.6), the forward-backward splitting (FBS)

method [130] can also solve this optimization problem efficiently. In [111], an FBS-
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based detector is used for the coded MU-MIMO-OFDM system with quantization:

T = pProx (zck — g, Alvp (AHwk)) (6.8)

where prox() denotes the non-linear proximal operator. For a = R (y), Vh() is the
gradient of the negative log-likelihood function —log p(q | @), which is calculated as

follows:

exp (_ (u(q;)—za»z) —exp (_ (aqi;)—za,-)z)
[Vh(a)]; = o [(;(%> " (@ﬂ (6.9)

(e

where u(g;) = b; and £ (g;) = b;_; are the upper and lower quantization boundary of
gi, respectively. ®(-) denotes the the cumulative distribution function. It is obvious
that the computation of Vi() with exponential functions and cumulative distribution
functions in [111] is highly computationally intensive. To avoid computing the overly
complex gradient VA() (6.9), we derive a new a-update in an iterative soft-thresholding

algorithm (ISTA) fashion [131] as:

Tt = prox (zy — p H” (Hzy — y)) (6.10)

where py is the step size. Here, H" (Hx; — y) is the gradient (partial derivative) of

flx)= %Hy — Hz||5 over z in (6.7).

Like that in the x-update (6.4), a scalar step size p; in (6.10) is not sufficient to correct
the high-dimensional gradients in our coarse quantized system with strong nonlinearity
properly. Generally, with the help of the trainable weight matrices and bias vectors,
DNNs can outperform linear algorithms like minimum mean squared error (MMSE) in
non-linear systems. Moreover, unlike the conventional analytical or heuristic selection

strategies, deep unfolding is able to optimize the high-dimensional parameters jointly
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in model-based algorithms. Inspired by these findings, we upgrade the scalar p; to a
trainable vector p; and introduce an additive gradient correction ¢ in the x-update

(6.10). The resulting new x-update is given by:

i1 = prox (z — pr © H (Hap —y +cx)) (6.11)

where © is the Hadamard product (also known as element-wise product). Due to the
non-linear operation ®, py ©® H (Hx; —y+cy), is already a non-linear gradient
update before the prox() operation, which is different from that in (6.10). Compared
with the generic z-update of ADMM in (6.4), the function (6.11), which is specially
designed to handle the non-linear distortions of coarse quantization, is more flexible.
By combining the specialized x-update (6.11) with the ADMM iterations (6.5)-(6.6),

we are now ready to present the QMMO-Net in Algorithm 2:

Algorithm 2 QMMO-Net for MU-MIMO-OFDM Detection with Coarse Quantization
Preprocessing: xyysg = (H"H +01) L HHy,

Transform H, y and x)ysg into the real form following Eq. (4.2)
Input: H, y and xjysE
Initialization: x| = prox (xyyse); 2z0=0; up=0

I: foro=1:Wdo

2: fork=0:(T—1)do

v ap, = prox (af — p? 0 (HO) (HO2P —y® + of (uf — 22)))
4 2P =& (Hz2 —y® +up)

S ul =ul +6° (wal?—i-l —y“’—z,f’H)

6: end for

7: end for

8: Output: T7
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In Algorithm 2, k and @ are the layer and subcarrier index, 7 and W are the number
of layers and subcarriers in an OFDM symbol, separately. Each layer of QMMO-Net
corresponds to an iteration of the model-based architecture. After the preprocessing
in the complex domain, all the inputs are transformed into the real domain following
(4.2). In the first layer (k = 0), =, | = prox (755 )- To update the additive gradient
correction ¢ in the x-update (6.11) iteratively between the layers of QMMO-Net,
we rewrite ¢; as oy’ (u,‘;’ —z,?’), where @ is a trainable scalar. Note that the size
of z; and uy is M as x; in (6.4), but the size of z,?’ and u,‘(” is N in Algorithm 2.
Correspondingly, all the av:,(é’+1 in the z- and u-updates (6.5)-(6.6) are replaced by the
residual error (H Pxp | — y“’) in Algorithm 2 to ensure the consistency of the variable

size.

Intuitively, adding proper learnable parameters into the QMMO-Net architecture can
increase its flexibility. Since the proximal operator prox() in the z-update is equivalent
to a projection function, the H% in (6.5) is replaced by a new trainable scalar & in
the z-update. In addition, an extra trainable parameter 6,° is added to the u-update.
Hence, in QMMO-Net, {{ Py ol e2,0° A2 ,b,‘("},{;ol }Zzl is the set of learnable

parameters, where A’ and b are in the prox().

For the MIMO detection problem with the constellation set ), the proximal operator
prox() in Algorithm 2 can be viewed as a projection onto ). Such traditional projections
are generally not differentiable, which hinders the stochastic gradient descent-based
optimization in QMMO-Net. In [86], a multilevel projection with a sum of non-linear
activations is proposed for high-order modulations. As a popular non-linear activation
for neural networks, the hyperbolic tangent tanh() generally converges faster than the
sigmoid used in [86] due to its bigger gradients. Besides, the zero-centered nature of
tanh() is more suitable for the constellation set of QAM modulation, e.g. {—3,—1,1,3}

for both the real and imaginary parts of 16-QAM. Hence, in Subsection 4.4.3, we
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propose a general tanh-based projection (4.21). Here, instead of using fixed 7; like in
(4.22), we add one more trainable parameter by’ for the quantized MU-MIMO-OFDM
detection task in this chapter, resulting in a differentiable non-linear proximal operator

as follows:

prox(x) = tanh(Ax — b) +tanh(Ax) + tanh(Ax + b) (6.12)

6.4 Simulation Results

In this section, we first introduce system setup and training specifications. Then, we
numerically evaluate the proposed QMMO-Net and compare its detection performance
with both the conventional and DU-based detection schemes in the proposed massive

MU-MIMO-OFDM system with low-precision quantization.

6.4.1 Implementation Details

The multipath Rayleigh fading channel is used in our experiments. The entries of
the channel matrices are independently sampled from a zero-mean i.i.d Gaussian
distribution with variance (1/N), and the number of channel taps is 8. Note that
M x N MIMO channels denote the system with M users with a single antenna and
N receive antennas. In addition, there are 64 subcarriers in an OFDM symbol, and
the cyclic prefix length is 16. Thus, the total size of each complex channel matrix
H is 64 x N x M. Different from the 4-QAM modulation widely used in [70], [126]-
[128], a more challenging 16-QAM constellation is considered in this chapter. For the

quantizer designed for high-order modulation schemes in (6.3), the quantization bin
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boundaries {b;} and quantization alphabet M are generated based on the Lloyd-Max
method [132]. In our simulation, two system settings are considered, i.e., a 16 x 64
MIMO system with 16-QAM and 2-bit ADCs, and a 32 x 64 MIMO system with 16-
QAM and 3-bit ADCs.

The parameter selections of conventional ADMM algorithms are suggested by some
prior papers such as [91], which may be helpful in finding good initial values of train-
able parameters for ADMM-based detection networks like the MMO-Net proposed
in Chapter 4. However, with a specialized x-update (6.11) for quantized detection
and more parameters including a vectorial one, the proposed QMMO-Net is quite
different from the previous ADMM-based architectures. Thus, we empirically initialize
the trainable scalar parameters {a,€,0,4,b} as {1,0.1,0.5,1,2}. Each element of
the trainable vector p is randomly initialized between [0.1, 0.2]. To further improve
the detection performance for coarsely quantized OFDM systems with non-orthogonal

subcarriers, we train different sets of learnable parameters for each subcarrier.

All DL-based detectors in the simulations are trained in 300 epochs offline by 6000
packets of (x,y,H) and tested by 1000 packets per SNR that are independent of
the training dataset. Here, o is the training label, and each packet contains one
OFDM symbol. In our training trials, the Adam optimizer with an exponential decay
of initial learning rate (LR) outperforms a fixed initial LR. The initial LR of the
exponential decay is 0.0004, and the corresponding batch size is 400. Moreover,
we adopt a common mean squared error (MSE) loss. All the operations before
detection, including the channel generation, the signal processing blocks in our
coarsely quantized MU-MIMO-OFDM system (Fig. 6.1) and data preprocessing in
Algorithm 2, are implemented with complex-valued data in Matlab. Then, all the
detectors are trained and evaluated in Python with Tensorflow backend for a fair

comparison.
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Figure 6.3: BER versus SNR curves of MMO-Net and QMMO-Net for 32 x 64 MU-
MIMO-OFDM system with 16-QAM and 3-bit ADCs.

6.4.2 Impact of Network Architecture and Layer Number

To demonstrate the superiority of the novel architecture proposed in this chapter, we
compare the BER performance of the MMO-Net (Algorithm 1) and the QMMO-
Net specialized for quantized MIMO-OFDM systems in Fig. 6.3. Here, we choose
a massive MU-MIMO-OFDM system with high user load (32 x 64), where MMO-Net
demonstrates its superior performance in Chapter 4. To get an acceptable BER in the
uncoded and high-loaded MIMO system, 3-bit ADCs are used. Firstly, compared to
that in the infinite-precision 32 x 64 MIMO-OFDM system in Fig. 4.6 (a), MMO-Net
has a significant performance reduction in Fig. 6.3, especially for 10 dB or higher
SNR. Although MMO-Net is good at dealing with serious CCI caused by the high
user load, its linear x-update with only a scalar step size can not properly correct the
received symbols in coarsely quantized MIMO-OFDM systems with severe ICI and

nonlinearity. By contrast, with the help of the novel network skeleton in Algorithm 2,
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Figure 6.4: The impact of the number of layers or iterations for different QMMO-Net
(16 x 64 MU-MIMO-OFDM system with 16-QAM and 2-bit ADCs; SNR = 18 dB).

including the non-linear x-update (6.11) with a trainable vector and the corresponding
z- and u-updates, QMMO-Net outperforms MMO-Net for quantized MIMO-OFDM
detection tasks. In addition, the performance gap between MMO-Net and QMMO-Net

becomes larger as the SNR increases.

In Fig. 6.4, the BER performance versus the layer number of QMMO-Net is illustrated
to show the impact of network depth on detection performance. Note that the results are
obtained in a 16 x 64 MU-MIMO-OFDM system with 16-QAM and 2-bit ADCs. The
two QMMO-Nets in Fig. 6.4 have the same architecture and parameters (Algorithm 2),
the only difference between them is with or without the training process. First, from
the figure, it is obvious that the QMMO-Net with trainable parameters outperforms the
untrained one. This result demonstrates that the jointly learned parameters are optimal
or near-optimal and can improve the performance of model-based detection algorithms
in MIMO-OFDM systems with low-precision ADCs. Furthermore, since the algorithm

parameters of untrained QMMO-Net remain unchanged between iterations, its BER
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decreases relatively slowly as the increase of iteration number. In contrast, the layer-
wise trainable parameter set can help QMMO-Net obtain performance gains from
increased depth. However, the performance improvement is minor when the number of
layers is larger than 15. Thus, we set the number of layers for QMMO-Net to 7 = 15

in the following simulations.

6.4.3 Detection Performance

Compared to the end-to-end AE-based OFDM detector [70], an improved one-bit
receiver based on model-aided architecture has better BER performance [126]. Thus,
we tried to apply this DNN-based receiver in our system as a benchmark, but it did
not converge to a stable solution with our training set. This is because the scheme in
[126] is still based on two generic DNNs with fully-connected layers. For our massive
MU-MIMO-OFDM system, there are about 4M?N>TW trainable parameters in this
improved DNN-based receiver, while the proposed QMMO-Net only has (M + 5)TW
parameters. Therefore, in coarsely quantized MU-MIMO-OFDM systems, we compare

the BER performance of the following detectors:

. Unquan. MMSE: A widely-used linear MMSE detector with infinite-precision
ADCs used as the lower bound of BER performance.

. MMSE: A linear MMSE with low-resolution ADCs.

. ADMM: A MIMO detector based on a generic ADMM architecture with only
one scalar parameter, as shown in (6.4)-(6.6).

. MMNet-V: A model-driven detection network with a linear estimation step and
a non-linear denoiser, which outperforms state-of-the-art detectors [90]. Similar
to QMMO-Net, we upgrade its learnable step size 6, of MMNet to a vector 6,

for a fair comparison.
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Figure 6.5: BER versus SNR curves for the uncoded 16 x 64 MU-MIMO-OFDM
system with 16-QAM and 2-bit ADCs.

. QMMO-Net: The proposed DU-based detection network specialized for coarsely
quantized massive MU-MIMO-OFDM systems, as described in Subsection
6.3.2.

The performance of all detection algorithms is first evaluated in 16 x 64 MIMO system
with 2-bit ADCs, as shown in Fig. 6.5. For the SNRs below 15 dB, ADMM provides
competitive performance compared to MMSE. Thanks to the learnable vectorial
parameter 68;, MMNet-V outperforms ADMM at SNR > 15 dB. QMMO-Net has a
much lower BER than MMNet-V, especially under high SNRs. As described in [90],
the non-linear denoiser of MMNet is optimized for Gaussian noise. However, with 2-
bit ADCs, the linear x-update of MMNet-V can no longer provide a nearly Gaussian
estimation at the input of denoiser like in infinite-precision systems. In contrast, the
adaptive prox() in (6.12) does not rely on any special conditions. Moreover, except for
the multiplicative correction p}’ like in MMNet-V, QMMO-Net also has an additive

gradient correction o’ (’u,,(g’ —z,?’). Due to these features, in the extreme scenario



6.4. Simulation Results 149

10°¢ ‘
[ -+ MMSE

-=-ADMM

-+ MMNet-V

S QMMO-Net

S~y S ~»-Unquan. MMSE

uncoded BER
=
o

\"\ - Iy
\\
\\
\\
\\
10-2 I I I I \ I I I ]
0 3 6 9 12 15 18 21 24
SNR(dB)

Figure 6.6: BER versus SNR curves for the uncoded 32 x 64 MU-MIMO-OFDM
system with 16-QAM and 3-bit ADCs.

with severe CCI and ICI from very low-resolution ADCs, QMMO-Net has a 3 dB
gain to ADMM at BER of 0.05 and can still achieve an acceptable BER (10~2) for
uncoded systems. In addition, to show the serious distortion caused by 2-bit ADCs in
the 16-QAM MIMO-OFDM system, we also present the BER performance of the 3-bit
QMMO-Net in Fig. 6.5. The QMMO-Net with 3-bit ADCs performs much better than
that with 2-bit ADCs and even better than the unquantized MMSE when SNR is less
than 9 dB.

Fig. 6.6 illustrates the BER versus SNR curves of the above detectors in a 32 x 64
MIMO system. As discussed in Subsection 6.3.1, compared with the settings in the
literature of quantized detection, 32 x 64 MIMO is a very high-loaded case, so here
we use 3-bit ADCs. In this case, the serious CCI caused by large user-to-BS-antenna
ratios is the dominant source of error. Due to its robustness to the high load of BS
antennas, ADMM has better BER performance than the trainable MMNet-V based

on the AMP architecture over all SNRs. In Fig. 6.6, QMMO-Net shows state-of-the-
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art detection performance, which is superior to the benchmarks. It even outperforms
Unquan. MMSE under 10 dB or lower SNRs. Compared with 2-bit ADCs in Fig.
6.5, the QMMO-Net with higher CCI and 3-bit ADCs has worse BER when SNR
is less than 18dB, while it performs better if SNR > 18 dB. This is because low-
precision ADCs fundamentally have poor performance at medium and high SNRs
[70]. This is also why the BER curves of MMSE, ADMM, and MMNet-V are almost
flat in both Fig. 6.5 and 6.6 when SNR > 21 dB. However, with the help of the
specialized non-linear x-update, the adaptive projection, and the flexible architecture
with high-dimensional learnable parameters optimized by DU tools, QMMO-Net still

has potential to achieve lower BERs at higher SNRs, as shown in Fig. 6.5-6.6.

6.5 Summary

In Chapter 4, we investigate the detection performance in massive MU-MIMO-OFDM
systems with high user load and propose the MMO-Net that achieves a good trade-
off between BER performance and network complexity. In this chapter, we extend our
research work to the systems with low-resolution ADCs. Firstly, the system model
and the quantizer for 16-QAM and higher-order modulation schemes are introduced in

Section 6.2.

Section 6.3.1 explores the difficulties of massive multiuser MIMO-OFDM detection
with low-precision quantization. To solve these problems, we propose QMMO-
Net in Subsection 6.3.2, a novel deep unfolding-based detection scheme that fuses
the architecture specialized for quantized MIMO-OFDM detection with data-driven

techniques. Specifically, to handle the severe distortions from coarse quantization, we
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derive a non-linear x-update with both multiplicative and additive gradient corrections.
We also add multiple trainable parameters to increase the model flexibility. With the
help of the proposed differentiable proximal operator and DU tools, these parameters

including a high-dimensional step size p can be jointly optimized.

In Section 6.4, simulation results demonstrate that QMMO-Net outperforms traditional
detection algorithms and DU-based detection networks in coarsely quantized MU-
MIMO-OFDM systems. By combining the power of domain knowledge with data,
our QMMO-Net has strong robustness to the non-linear effects of coarse quantization

and the co-channel interference caused in high user load scenarios.



Chapter 7

Conclusions and Future Work

This thesis has contributed to the field of advanced receiver algorithms with the
application of deep learning (DL) techniques for massive multiuser MIMO-OFDM
systems in 5G and beyond. Data-driven and model-driven DL-based solutions are
considered for both infinite-precision and coarsely-quantized systems. This concluding
chapter summarises the research studies proposed in this thesis. In Section 7.1, the
main objective of each chapter and the achieved results are reviewed. Then the potential

improvements and future work of the research are discussed in Section 7.2.

7.1 Conclusions

Over the past several years, DL has shown great potential to revolutionize wireless
communication systems from the upper layers to the physical layer (PHY). Most of
the initial attempts in the literature directly introduce pure data-driven neural networks
into wireless signal processing according to the universal approximation theorem.
However, these model-agnostic solutions are not very efficient in terms of complexity
and convergence, especially in PHY. The main focus of this thesis is to develop efficient
receivers with competitive performance, low complexity, and fast convergence via the
complementation of expert knowledge and DL techniques. In Chapter 3, we propose
a DL-based channel estimator and a signal detector in a model-aided manner, i.e.

initializing the DNNs with the aid of conventional algorithms and refining the coarse

152
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estimates by the proposed networks. For a better trade-off between performance and
complexity under large-scale MIMO-OFDM systems, Chapter 4 presents a model-
based architecture and optimizes it with DL-based techniques, which is called model-
driven deep learning. The challenges of channel estimation and quantized detection
for massive MU-MIMO-OFDM systems are also addressed by the novel schemes
proposed in Chapters 5 and 6. In this section, we will summarize the key findings

and contributions of each chapter.

7.1.1 Chapter 3 Conclusion

In Chapter 3, we have proposed RecNet, a model-aided receiver network that realizes
channel estimation and signal detection in OFDM systems. The CE-NN, a DL-
based channel estimator with lattice-type pilots, can obtain accurate CSI that can be
further utilized in signal detection modules. By exploiting the underlying structural
features of doubly-selective channels, the proposed CE-NN has strong robustness to
the small number of pilots, thus resulting in better spectrum efficiency. Together with
the flexibility of our pilot pattern, CE-NN can adapt to different PHY standards like
802.11, LTE, and 5G NR.

Our initial results in [10] demonstrate the superior performance against traditional
MMSE-based receivers and state-of-the-art DL-based solutions. To better adjust to
the higher-order modulation schemes and further reduce the complexity of RecNet,
a series of data preprocessing and model optimization strategies are designed based
on the experiments and data analysis. Moreover, we develop two different model
configurations of the detection subnet SD-NN to deal with varying degrees of non-
linear effects. As a result, our simulation reveals the superiority of RecNet in resisting

the influence of non-linear distortions like short CP.
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Furthermore, with the enhancement of expert knowledge, both of the two deep
subnetworks in the RecNet have the ability for fast convergence within a very small
number of training epochs. This ability leads to short training time and a small
size of the required dataset. Therefore, the proposed RecNet can efficiently adapt to
the dramatic changes of the channel and even different scenarios through fast and
affordable retraining. Finally, the low complexity of RecNet has been demonstrated
by our complexity comparison. In summary, these features of RecNet are helpful
for the deployment of DL-based schemes in realistic communication systems. The
idea of model-aided designs in Chapter 3 provides deeper insights into the efficient

implementation of deep learning models in wireless signal processing.

7.1.2 Chapters 4 and 5 Conclusions

In Chapters 4 and 35, to ensure reliable communication on realistic channels with
serious correlation and frequency selectivity, we propose novel DL-based schemes
for signal detection and channel estimation for the case when massive MU-MIMO
is combined with OFDM. Different from the SISO-OFDM case in Chapter 3 or small-
scale MIMO systems in the literature of DL-based receivers, massive MIMO-OFDM
systems have very high-dimensional data to be detected. In such scenarios, millions
of learnable parameters lead to substantial computational costs, which hinder the
implementation of generic or model-aided DNNs like RecNet. Motivated by these
findings, our focus shifts to model-driven deep learning, which utilizes DL tools to

improve model-based architectures.

Although DL-based schemes have shown promising performance in MIMO detection,
there are still many open issues in this emerging research area, including their
complexity, robustness, and integration into full communication systems [67]. In
Chapter 4, we have proposed the MMO-Net, a deep unfolding-based detection

network for MU-MIMO-OFDM systems. This solution fuses the interpretable ADMM
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architecture with over-relaxed design, DU techniques, the differentiable multilevel
projection function, and additional learnable parameters. First, compared with existing
DL-based MIMO detectors, MMO-Net has relatively low complexity and a small
number of trainable parameters. By unfolding ADMM iterations into network layers
and learning to optimize step sizes and relaxation parameters jointly, MMO-Net can
converge within ten layers. Moreover, for performance and robustness, our simulation
results demonstrate the superiority of MMO-Net to the MMSE, CG and several state-
of-the-art DL-based MIMO detectors, especially under realistic frequency-selective
channels and the full load case of Rx antennas. Finally, as shown in Fig. 4.1, MMO-
Net is designed to integrate into the complete MU-MIMO-OFDM systems for 5G and
beyond. The efficient implementation scheme proposed in Subsection 4.5.4 can also
help MMO-Net achieve a good trade-off between performance and complexity for

various requirements.

For high-loaded systems with large numbers of users in Chapter 5, we develop a
frequency-orthogonal pilot scheme to save time resource used for pilot transmission.
By the special subtractive residual layer, the proposed D-CNN can efficiently denoise
the rough CIR in the delay domain. To further enhance estimation performance, a
residual RSF-CNN exploits spatial-frequency correlations of channels to refine the
output of D-CNN. With the help of the specially designed FFT layer, D-CNN and RSF-
CNN can be jointly trained across different domains, leading to the DRSF-CNN which
shows advanced performance and fast convergence with low complexity. Furthermore,
the proposed detector MMO-Net in Chapter 4 and DRSF-CNN are jointly evaluated as

an entire receiver in Subsection 5.5.5, which is one of the first works in the literature.
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7.1.3 Chapter 6 Conclusion

In Chapter 6, the challenges of data detection with low-resolution ADCs are discussed
in the massive MU-MIMO-OFDM system with high-order modulations and frequency-
selective channels, which is the practically more relevant case of future wireless
communications. Whereas prior works mainly focus on either quantized MIMO
detection with frequency-flat channels or SISO-OFDM detection using model-agnostic
DNNs, which perform well against non-linear effects but have a huge number of

parameters and high computational complexity.

To efficiently detect the received signals with severe non-linear distortions under
the harsh system in this chapter, we have proposed the QMMO-Net, a model-
driven detection network. This scheme combines a novel x-update with additive
gradient correction, a special-designed network skeleton, the differentiable and flexible
proximal operator, and state-of-the-art DL techniques. In terms of performance and
robustness, our simulation results demonstrate the superiority of QMMO-Net to the
conventional MMSE, ADMM, and DL-based MIMO detectors in coarsely quantized

massive MIMO-OFDM systems, especially under the cases of high user load.

7.2 Future Work

Although the model-aided and model-driven DL-based schemes proposed in this thesis
have shown promising results in terms of performance, complexity, and robustness
under massive MIMO-OFDM systems, there are still some aspects of the research
that need to be further improved. In this section, we suggest several potential research

directions for future work.
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7.2.1 Model-aided Deep Learning for Channel estimation and

Signal Detection

In Chapter 3, we mainly focus on improving the generic NN-based architectures like
fully-connected DNN and CNN in OFDM systems with the aid of expert knowledge.
First, this work can be extended to MIMO-OFDM communications. More nonlinear
effects like hardware impairment could be considered, and corresponding experiments
should also be conducted. Considering the increasing complexity and training overhead
under MIMO-OFDM systems, some novel machine learning techniques like ensemble
learning and online learning-based fine tuning can be introduced to improve the
adaptation and avoid frequent retraining for brand-new scenarios. Moreover, due to the
relatively small size of RecNet, the joint optimization between the RecNet algorithm
and reconfigurable hardware such as Field Programmable Gate Array (FPGA) is

feasible to provide further improvement in energy efficiency.

7.2.2 DL-based Channel Estimation and Signal Detection for Mas-

sive MU-MIMO-OFDM Systems

In Chapter 4, a series of novel techniques have been proposed to improve the MMO-
Net in terms of performance, complexity, and convergence. Since MMO-Net has
superior robustness to the high user load of MU-MIMO-OFDM systems, it is capable
of generalizing good performance for varying numbers of users with different degrees
of CCI. However, for various modulation schemes, MMO-Net requires different
projection functions like existing DU-based detectors. Thus, the self-adaptation to
different order modulations should be considered in the future. A possible idea is

to treat modulation schemes and corresponding projection functions as a hyper-
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parameter, utilize a neural network to learn it, and select the proper projection function
based on the received data. Furthermore, efficient training strategies, such as the layer-
by-layer way in [57], and fine-tuning for MMO-Net could also be considered as

potential improvements.

Compared with the CE-NN in Chapter 3, the DRSF-CNN proposed in Chapter 5
has successfully extended the channel estimation task from simple OFDM systems
to massive MU-MIMO-OFDM systems with realistic channels. The superiority of
DRSF-CNN is achieved by exploiting channel correlations across different domains.
It is worthwhile to further investigate the impact of training channel data on DL-
based channel estimators, which is still lacking. For instance, the proper amount of
training samples for different channel models is different. Realistic channel models
like 3GPP-3D channels in Chapters 4 and 5 are much more complex than i.i.d Gaussian
channels, which means more training data is required to learn the underlying features.
However, unlike the computer vision field where there are sufficient accessible real-
world data sets, the open-access data sets for wireless communications are limited
by data regulations and are still under developed [103]. At this stage, we suggest
an alternative solution, i.e., enhancing or expanding limited training data via data
augmentation techniques like generative adversarial networks. Moreover, the training
dataset with mixed SNRs and corresponding training methods may help to improve the

robustness of DRSF-CNN to different SNRs.
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7.2.3 Deep Unfolding-based Detection for Quantized MIMO-OFDM

Systems

Due to their ability to handle non-linear distortions, most existing learning-based
detectors for low-precision quantization rely on generic DNN models. To the best of
our knowledge, the research work in Chapter 6 is one of the first attempts at fusing
model-based architecture and deep unfolding for quantized massive MIMO-OFDM
detection. In practice, the CSI used for detection is estimated via pilot symbols rather
than perfectly known. Therefore, an efficient channel estimation scheme is important
for coarsely quantized MIMO-OFDM receivers, which could be developed together
with the proposed QMMO-Net in the future. Correspondingly, more comprehensive
experiments with channel estimation errors should also be conducted to provide more

insights into DL-based MU-MIMO-OFDM detection tasks with low-resolution ADCs.
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