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Abstract

As one of the key technologies of the fifth generation and future wireless communication
systems, massive multi-input multi-output (MIMO) has been, and will be, deployed in many
practical network scenarios. By increasing the number of antenna elements, the massive
MIMO system could significantly improve the spectral efficiency, reliability, coverage, and
energy efficiency. Due to the large-scale antenna array, the channel sparsity has been
exploited in the literature to solve a number of problems, such as channel estimation,
precoder design, and pilot assignment. For the centralized massive MIMO system, the
sparsity property lies in users’ channel in the angular/beam domain. In the distributed
network, the sparsity occurs in the partial connectivity between access points and users
due to the signal blockage effect with the obstacles.

In practice, however, the existence of such sparsity property is still under debate for
sub-6GHz frequency bands with a practical size of antenna array. This makes the developed
algorithms that rely on such sparsity not applicable to some other scenarios where channel
sparsity may not exist. To deal with this challenge, recently, a novel active channel
sparsification (ACS) approach has been proposed for a uniform linear array (ULA) to design
sparsifying precoders for frequency-division duplex (FDD) massive MIMO. The proposed
ACS approach is able to actively impose the channel sparsity structure in the angular
domain with the aid of a partially-connected bipartite graph to represent users’ channels.
Such a graph representation captures the users’ channels through the linear combinations of
a set of carefully chosen common basis vectors. Consequently, the precoder design problems
can be transformed into graph problems and solved by existing graph algorithms.

A question then arises as to whether the ACS approach is limited only to FDD downlink
precoder design or it is a more general concept can be applied to a wider range of applications.
To answer this question, in this thesis, the concept of ACS is generalized to both centralized
and distributed massive MIMO and solve the following problems: pilot decontamination in
time-division duplex (TDD) mode; downlink precoding in FDD mode; and pilot assignment
for distributed massive MIMO. Pushing forward this line of research, this thesis aims to
facilitate the potential deployment of ACS in massive MIMO systems, by extending the ACS
from ULA to uniform planar array (UPA), dual polarized-uniform planar array (DP-UPA),
and distributed massive MIMO scenarios.

The contributions of this thesis are three-fold. 1) For TDD massive MIMO with UPA
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antenna, the ACS concept is used to solve the pilot contamination problem. A joint beam
and user selection approach is proposed that considers channel estimation and sum rate
maximization simultaneously. 2) For FDD massive MIMO, the ACS concept is applied
to the downlink channel precoder design. The ACS method is generalized from scalar to
multi-dimensional to deal with the dual polarization structure of DP-UPA. 3) In distributed
massive MIMO, the ACS concept is deployed to resolve the pilot assignment problem. By
exploiting the topology structure of the distributed massive MIMO network, this thesis
connects the pilot assignment to the topological interference management (TIM) problem
that could be solved by off-the-shelf algorithms.

Through this thesis, It demonstrates that the ACS is a broad concept, which is able to
take multiple factors, e.g., geography, angular, power, and time domains, into account to
represent the users’ channels by a graph. Thanks to such graph representation, many com-
munication problems with a combinatorial nature can be reformulated as a combinatorial
optimization problem. As such low complexity algorithms for solving combinatorial opti-
mization problem could be used in communication problems. In this thesis, it demonstrates
the applications of ACS to pilot decontamination in TDD mode, downlink precoder design
in FDD mode, and pilot assignment in the distributed setting. It is worth to believe that the
ACS concept can find much wider applications including but not limited to beam /user/link
scheduling problems in wireless communication networks.
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Chapter 1

Introduction

During the last decades, wireless communication, as a widely-used technology, changes
many fields, e.g., digital manufacturing, health care, smart city, etc. It has been studied
as a research topic since the 1960s and has observed a surge of research works in the past
decades. Basically, the availability of spectrum, the laws of electromagnetic propagation and
the principles of information theory limit the performance of a wireless network. Generally,
there are three aspects to improve the efficiency of wireless networks, i.e., more dense access
points network, more spectrum and enhanced the spectral efficiency, where the first two
have been achieved recently by using the dense access points and new frequency bands, such
as milimiter Wave (mmWave) technology [1]. Increasing the number of antennas is one way
to improve spectral efficiency significantly. After using multi-input multi-output (MIMO)
technology, researchers concentrate on adopting large antennas also named massive MIMO
or mMIMO, to improve spectral efficiency performance.

In this chapter, the evolution of the wireless network from MIMO to massive MIMO
will be detailed. Then, Chapter 1.2 introduces the basic knowledge of massive MIMO,
and Chapter 1.3 presents the motivation of this thesis. Finally, Chapter 1.4 shows the

organization of this thesis.

1.1 From MIMO to Massive MIMO

During the past decades, MIMO technology has been applied to wireless broadband
standards, e.g., long-term evolution (LTE) standards allow for up to eight antenna ports at

the base station (BS) [2]. By increasing the antennas equipped at the transmitter/receiver,
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the corresponding channel has more degrees of freedom and achieves better performance
in terms of data rate and link reliability. The simplest MIMO, point-to-point MIMO,
was proposed in the late 1990s [3-5]. A BS equipped with an antenna array serves a
terminal equipped with an antenna array. Transforming from point-to-point MIMO, the
multiuser MIMO serves several terminals simultaneously using an antenna array at the
BS [1]. Compared with the conventional point-to-point MIMO, multiuser MIMO can serve
multiple cheap single-antenna terminals and provides simplified resource allocation since
the activated terminal utilizes all of the time-frequency resources [0].

Due to the exponential growth in coding/decoding complexity and the cost of acquiring
CSI, the scalability of multiuser MIMO is limited. However, massive MIMO technology is
more scalable than multiuser MIMO because it increases the size of the system. In huge
MIMO systems, linear precoding/decoding can even reach the Shannon limit by employing
a high number of BS antennas that are significantly larger than the number of serviced
terminals [7,8]. Extra antennas help the BS focus on the energy into a smaller region
of space so that the BS not only has a considerable improvement of the throughput and
radiated energy efficiency, but, more importantly, provides an excellent service to multiple
terminals simultaneously. Additionally, the massive MIMO technology has the benefits such
as the use of inexpensive low-power components, reduced latency, simplification of media
access control (MAC) layer and robustness against intentional jamming, etc [6]. Overall,
the massive MIMO technology has become one of the critical wireless access techniques in

fifth generation (5G) generation wireless communication systems and beyond.

1.2 The Basic Knowledge of Massive MIMO

In the basic massive MIMO system as shown in Fig. 1.1, the BS is equipped with a large
number of antennas, M (128 antennas or more), and serves several single antenna users, K
that is less than M. Thus on the uplink, see the Fig. 1.1 the BS will recover the individual
signals transmitted by the terminals, and on the downlink transmission phase, the BS
should ensure that each terminal receives only the signal intended for it by beamforming.
The users’ channels of massive MIMO exhibit two interesting properties: favorable
propagation and channel hardening. Favorable propagation means that the channel response
from BS to terminals tends to sufficiently orthogonal. Another benefit is channel hardening,
which affects the small-scale fading, and the frequency dependence disappears when M is

large. This means that the norm of channel vector does not vary too much, and under the
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M-antenna Base station

Figure 1.1: A single-cell multi-user massive MIMO network, where the BS is equipped with M
antennas that server a number of single-antenna users.

OFDM system, each sub-carrier will have substantially the same channel gain [1,(].

1.2.1 TDD and FDD Massive MIMO

Massive MIMO can be divided into two categories according to the separation of uplink and
downlink by time and frequency [9], see Fig. 1.2. In time division duplex (TDD) operation,
the uplink and downlink are separated in time. Therefore, the BS estimates the uplink
channel from the uplink pilots. Due to the channel reciprocity property that the channel
response of uplink and downlink is the same, once the BS has learned the uplink channel,
it has an estimate of the downlink channel.

Pilot contamination is one of the most critical challenges in both TDD and FDD massive
MIMO scenario. Ideally, each user in the massive MIMO system should be assigned an
orthogonal uplink pilot sequence. However, the maximum number of orthogonal pilot
sequences might occupy most of the coherence interval [0] so that the pilot reuse is required.
This leads to potential pilot contamination. Specifically, when multiple users share the same
pilot, the obtained estimated channel is contaminated by other users. Then this inaccurate
channel estimation degrades throughput performance in the data transmission phase.

In frequency division duplex (FDD) operation, the uplink and downlink are separated
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Downlink, FDD

Uplink, FDD

Frequency

Uplink, TDD Downlink, TDD

Time

Figure 1.2: The TDD and FDD operations. Red and blue are the uplink and downlink phase,
respectively.

in frequency. To learn the uplink channel, the BS estimates the channel from pilots sent by
the terminals. For the downlink channel, because the channel reciprocity does not hold,
the terminals learn it from the pilots sent by the BS and feed back the estimate to the
BS. However, given the channel high dimensionality, the overhead of the downlink pilot
training and feedback phase will be prohibitively large, resulting in performance degradation
provided by the limited channel coherence time and bandwidth. As a result, the downlink
channel feedback overhead has been deemed as one of the significant issues in FDD massive
MIMO systems.

When the number of BS antennas tends to infinity, numerous interesting results are
available that can be exploited to develop algorithms for TDD and FDD challenges. One
property, channel sparsity, is useful for resolving the challenges associated with two massive
MIMO configurations, and it has been used to address both pilot contamination [10-14]
and downlink channel overhead problems [15-17]. To demonstrate the channel sparsity
property clear, Chapter 2 will present a method for exploiting the channel sparsity in the

angular /beam domain, as well as previous works correlating two challenges.
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<= (a) Centralized massive MIMO

M-antenna Base station

Figure 1.3: (a): the centralized massive MIMO system model; (b): the distributed massive MIMO
system model

1.2.2 Centralized versus Distributed Massive MIMO

According to the antenna locations, the massive MIMO can be divided into two categories:
centralized and distributed massive MIMO, see Fig. 1.3. For the centralized massive MIMO
Fig. 1.3(a), the antennas are collocated at both transmitter and receiver. On the other
hand, the BS antennas of the distributed massive MIMO Fig. 1.3(b) are placed at different
geographical locations and connected together through a high-capacity backhaul link [18,19].
In this section, the details of types of massive MIMO will be introduced.

Centralized massive MIMO

Unless otherwise explicitly specified, the term massive MIMO is reserved to the centralized
massive MIMO that the BS is equipped with a limited antenna array. Those BS of
centralized massive MIMO are physically in the cell center. From a practical point of view,
deploying the centralized massive MIMO is more mature than the distributed one due to
the existing and developed technologies, and the similar mathematical analysis method
with the former communication system.

The antenna geometry is one of the essential parts of centralized massive MIMO. For
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Figure 1.4: (a) ULA configuration with M antennas; (b) UPA configuration with M, x M, antenna
elements, where each column is a ULA; (c) DP-UPA antenna structure with M, x M, x 2 antennas,
where each antenna element comprises of a set of cross-polarized antenna.

example, the typical linear antenna array is frequently used in massive MIMO systems
in research works, and dual polarized uniform planar array (DP-UPA) configuration has
been applied in many practical projects and standards, such as the third generation
partner partnership project (3GPP) [20]. The physical structures of uniform linear array
(ULA), uniform planar array (UPA) and DP-UPA have been shown in Fig.1.4, where
M, is the number of antennas per column, and M, is the number of antennas per row.
As the most common antenna configuration for massive MIMO, the ULA antenna has
a simple structure to analyze. Academic interest has been placed on the case when the
number of antennas grows to infinite, e.g., analyze the channel structure implementing
some asymptotic matrix property. DP-UPA includes two types of polarization directions
i.e., azimuth and elevation polarizations, per element position. Although the dual-polarized
feature complicates mathematical analysis in comparison to the other two configurations, it
is widely used in industry and business [20,21]. This is because the DP-UPA design fits
industrial requirements, such as a smaller product square without significantly degrading

performance and a double multiplexing capability [21].

Distributed Massive MIMO

Recently, the distributed massive MIMO has attracted many researchers’ attention and been
adopted in many areas. For example, when the users are Internet of things (IoT) devices,

distributed massive MIMO can be used for IoT applications; more precisely, distributed
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massive MIMO provides better diversity freedom and antenna deployment flexibility than
centralized massive MIMO [22-25].

A distributed massive MIMO system as shown in Fig. 1.3(b) is comprised of a vast num-
ber of distributed access points (APs) or remote radio heads (RRHs) which simultaneously
serve a much smaller number of users over the same time/frequency resources. Generally,
the RRH learns the uplink channel state information through the pilot signals transmitted
by the users under TDD operation [26]. The motivation of such distributed massive MIMO
is two-fold. Firstly, distributed wireless access networks promise potentially higher coverage
by exploiting diversity against shadow fading. Secondly, emerging applications such as the
TIoT encourage smart devices with distributed locations to be potential RRHs, so that a
distributed antenna deployment sounds more promising for ubiquitous communications in
the future.

Due to the large number of RRH, the distributed massive MIMO possesses several
advantages, such as higher multiplexing gain, higher spectral efficiency. Because of the
distributed RRH position, on the one hand, the distributed massive MIMO can enhance
the coverage area [19] compared with the centralized one. On the other hand, arbitrary

RRH locations results in a significant increase in cost for the backhaul component.

1.3 Research Motivations

Both centralized and distributed massive MIMO can significantly enhance energy and
spectral efficiency by equipping with massive antennas or RRHs.

For the centralized massive MIMO, due to the collocation of a large number of antenna
elements, the channels of massive MIMO exhibit high spatial correlation, provided the
limited number of scatters around the antenna array. By exploiting the benefit of spatial
correlation in massive MIMO, many works use the low-rankness assumption [10, 15,27].
Such an assumption has been shown very useful and led to several tractable theoretical
analyses. The obtained insights from the theoretical analysis have guided the practical
system design in the past years, although the validation of such assumption is still under
debate for sub-6GHz frequency bands. This channel sparsity property is very useful for
many challenges in centralized massive MIMO, e.g. pilot decontamination in TDD scenario,
downlink channel reconstruction in FDD scenario that are the main content of Chapter 3
and Chapter 4 of this thesis. For the distributed massive MIMO, this sparsity structure
probably comes from the physically geometric distribution of RRHs.
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It is worth noting that most of the approaches rely highly on the channel sparsity
in the angular/beam domain, and require hundreds of antennas in the single dimension
to promote channel sparsity. Unfortunately, when it comes to UPA in practical systems,
channel sparsity may not be taken as granted, because each row or column may only have
a limited number of antenna elements.

The question then arises as to what if channel sparsity does not hold clearly. Can
the benefit of channel sparsity be obtained artificially? The answer is yes. Very recently,
a novel concept of active channel sparsification (ACS) has been proposed in [28] for
FDD massive MIMO with ULA, in order to reduce the feedback overhead with negligible
system performance degradation. In contrast to conventional wisdom, ACS does not rely
on the assumption of channel sparsity, and it constructs a partially connected graph of
communication system artificially. By taking advantage of combinatorial optimization tools,
such graph problem can be solved by mixed integer linear program (MILP) in an effective
way. Thus, ACS can adapt to any level of possible channel sparsity (if any) through active
sparsification.

However, could the ACS algorithm be employed only to solve the problem of downlink
precoder design in ULA configuration? How is the bipartite graph representation when
the antenna structure of the BS changes from ULA to others? To address and study
the preceding questions, this thesis generalizes the ACS algorithm as a general concept.
Moreover, it provides an idea that the communication problem with the combinatorial
structure can refer to the ACS concept combining the combinatorial optimization into

communication problems.

1.4 Organization of the Thesis

As previously stated, the target of this thesis is to extend the ACS as a general concept and
apply it to various scenarios. The first attempt of the general ACS concept is implemented
in TDD configuration due to its different scenario from the first ACS work, and the typical
problem in TDD massive MIMO has been chosen. For the antenna array, Chpater 3
adopts the UPA antenna, which is more complex than the ULA antenna. Then, Chapter 4
adopts the DP-UPA antenna that matches the practical scenario, despite the absence of
research deriving the corresponding common basis. Furthermore, our proposed common
basis produces a conclusion that differs from the one used heuristically in DP-UPA antenna

massive MIMO system. Finally, the distributed massive MIMO is considered, which is also
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a research field of interest for many researchers, and the typical problem, pilot assignment,
is discussed in Chapter 5. Moreover, Chapter 2 introduces the preliminary and literature

review of three challenges, respectively. The rest of the thesis is organized as follows:

e Chapter 2 introduces three problems in massive MIMO: including pilot decontami-
nation in TDD massive MIMO scenario, downlink channel reconstruction in FDD
massive MIMO scenario and the pilot assignment problem for distributed massive
MIMO. Moreover, this chapter also briefly introduces the channel model of centralized

and distributed massive MIMO, preliminaries of ACS, and channel sparsity property.

e Chapter 3 is the first application of ACS in a single cell TDD massive MIMO system,
where the BS equipped with UPA antennas serves a number of single-antenna users.
This chapter considers the pilot contamination problem in an overloaded multi-user
system. To mitigate multiuser channel spatial correlation, this chapter adopts the
ACS strategy, and proposes a novel method for joint user and beam selection in the
angular domain. In this chapter, the problems of mean square error minimization
is reformulated for uplink channel estimation and sum rate maximization for uplink
data detection as two MILPs, by which the challenging joint user and beam selection
problem can be efficiently solved via off-the-shelf MILP solvers. The simulation results
demonstrate the effectiveness of the proposed active channel sparsification strategy
for the joint user and beam selection. The major content of this chapter is published
in TWC as Publication 1.

e Chapter 4 considers user selection and downlink precoding for an over-loaded single-
cell massive MIMO system in FDD mode, where the BS is equipped with a DP-UPA
and serves a large number of single-antenna users. This chapter aims to facilitate the
potential deployment of ACS in practical FDD massive MIMO systems, by extending
it from ULA to DP-UPA with explicit user selection and making the current ACS
implementation simplified. It firstly extends the original ACS using scalar-weight
bipartite graph representation to the matrix-weight counterpart. Building upon such
matrix-weight bipartite graph representation, a multi-dimensional active channel
sparsification (MD-ACS) method is proposed, which is a generalization of original
ACS formulation and is more suitable for DP-UPA antenna configurations. The
nonlinear integer program formulation of MD-ACS can be classified as a generalized

multi-assignment problem (GMAP), for which a simple yet efficient greedy algorithm
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is proposed to solve it. Simulation results demonstrate the performance improvement
of the proposed MD-ACS with greedy algorithm over the state-of-the-art methods
based on the QuaDRiGa channel models. The major content of this chapter is
published in TWC as Publication 2.

Chapter 5 considers the pilot assignment problem in large-scale distributed MIMO
networks, where a large number of RRH antennas are randomly distributed in a
wide area, and jointly serve a relatively smaller number of users coherently. By
artificially imposing structures on the user-RRH connectivity, the network is modeled
as a partially-connected interference network, so that the pilot assignment problem
can be cast as a topological interference management (TIM) problem with multiple
groupcast messages. Building upon such connection, the topological pilot assignment
(TPA) problem is formulated in two different ways with respect to whether or not
the to-be-estimated channel connectivity pattern is known a priori. Consequently,
this problem can be formulated as a sequential maximum weight induced matching
problem that can be solved by either an MILP or a proposed greedy algorithm. The
major content of this chapter is published in TWC as Publication 3.

Chapter 6 draws the conclusions of my research works and provides some thoughts

and prospect for future work.



Chapter 2

Centralized and Distributed
Massive MIMO

Equipped with a large number of antennas, the massive MIMO can serve tens of users
simultaneously to offer very high spectral and energy efficiencies. This chapter will introduce
three key challenges in centralized and distributed massive MIMO. At the beginning of
this chapter, the channel model of both centralized and distributed massive MIMO are

introduced.

Centralized Massive MIMO Channel Model

Basically, the channel model of centralized massive MIMO system varies with different
antenna configuration. This section introduces the simplest and most popular channel
model in massive MIMO research works with ULA antennas. For example, the ULA massive
MIMO serves a single antenna user has been shown in Fig. 2.1, and the channel vector can

be written as
scatter
D 4 scatter

Figure 2.1: A simple single cell massive MIMO model with ULA antenna equipped at the BS

Base station

11
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h = f 3(6)a(0)dd, (2.1)
A

where A = [Omin, Omax]| is the angular spread (AS). The complex gain 3(f) is assumed to
be independent and identically distributed (i.i.d.) across paths, with constant second-order
statistics, i.e., B = E{|3(0)|?}, and a(f) € CM*! is the steering vector of ULA and can be

written as [10]

1

2nd
& X cos(0)

ej72ﬂdgjg71) cos(0)
where d is the antenna spacing of ULA, and ), is the wavelength. Once the antenna
configuration is changed from ULA to UPA/DP-UPA, the 2D channel becomes 3D that

consists of elevation angle information.

Distributed Massive MIMO Channel Model

Similar with the various channel model of centralized massive MIMO, distributed massive
MIMO channel model is influenced by a large number of settings, e.g., the network topology,
mmWave channel, etc. In this section, the general distributed massive MIMO channel
model will be introduced. This chapter considers a distributed massive MIMO system with
M RRHs serves K single-antenna users, where each RRH is equipped with a single antenna.

Then the channel coefficient g, between RRH-m and user-k is modeled as follows [29, 30]:

Imk =V Bmkhmka (2.3)

where [, is the large-scale fading coefficient (e.g., path-loss) , and h,,x is a small-scale
fading. Note that, the channel of distributed massive MIMO system is able to consider
the mmWave frequency as well. Note that here, the number of equipped antenna of each
user and RRH also could be multiple, but in this thesis, only the single antenna case is
considered. If the MIMO case between RRH and user is considered, the parameter h,,;

becomes vector.
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2.1 Pilot Contamination in TDD Massive MIMO

One application of using the sparsity or low rankness property is the pilot decontamination
problem in TDD massive MIMO. In the overloaded multiuser setting, it is likely that due
to the higher users density, users’ channels are highly spatial-correlated with overlapping
spectrum in the angular domain. This overlapping imposes pilot contamination on the
uplink channel estimation phase and brings the multiuser interference during the uplink
data transmission phase. As such, the pilot contamination problem is one of the major
issues in TDD massive MIMO. Regarding the pilot decontamination, there are three types
of methods in the literature under the theme of pilot decontamination. They are pilot
assignment based on the channel sparsity of the angular domain [10-12], decontamination
in the power subspace [13], and methods joint angular and beam domain [14]. In particular,
reference [10] proposed a coordinated pilot assignment strategy, which assigns the same pilot
to users with non-overlapping multipath angle distribution. Reference [13] proposed a blind
pilot decontamination approach that separates the signal subspace from the interfering one

in the power domain by using singular value decomposition.

In this section, a simple massive MIMO model is utilize to illustrate the pilot decontam-

ination approaches.

2.1.1 Pilot Decontamination in the Angular Domain

We consider the TDD massive MIMO system, where the BS is equipped with an M ULA
antennas that serves multiple single-antenna users.

In this model, during the uplink training phase, the users send the pilot symbol to the
BS, and the received pilot signal at the BS at the ¢-th timeslot can be written as

y(t) = hi(t)s(t) + Y hy(t)s(t) + n(t), (2.4)

J#i
where h;(t) € CM*1 is the channel vector of the j-th user, s(t) is the t-th symbol of the
pilot sequence, and n(t) ~ Ng(0,0%Iy;) is the additive white Gaussian noise (AWGN).
When the users ¢ and j send the same pilot at the t-th timeslot, the pilot contamination

exists and leads to an inaccurate channel estimation.

Due to the finite multipath angle spread at the BS [31], the channel vector of the i-th
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user can be written as

N

h; = R?h;, (2.5)

i
where h; ~ Nc(0, Iny) denotes a zero-mean complex Gaussian vector with covariance matrix
I, and R; € CM*M g the corresponding covariance matrix of the i-th user’s channel.
Under the ULA massive MIMO system, the spatial property of channel of user i can be
exploited as a spatial spectrum by decomposing the covariance matrix using a DF'T matrix,
and such spatial spectrum illustrates the channel property on the angular domain. Because
of the limited angular spread, [10] has proved that if the AOA intervals of users are strictly
non-overlapping, they can be divided clearly on the angular domain. As such, the pilot
contamination between users can be perfectly eliminated using minimum mean square error
(MMSE) channel estimation if M — 0.

Given the above theoretical results, a greedy search algorithm is proposed by [10]. The
BS tends to assign a given pilot to the user, whose spatial feature has most differences
with interfering users if they are assigned the same pilot. Consequently, the greedy search

algorithm minimizes the estimation error [10].

2.1.2 Pilot Decontamination in the Power Subspace

Another approach for pilot decontamination is proposed by reference [13]. This paper
considers a base station equipped with a ULA antenna serves multi antenna users. Here,

the received signal of all users Y is defined as

Y ={y(1),y(2),....,y(T)}. (2.6)

Consider the singular value decomposition (SVD) of Y
Y =UXV, (2.7)

U e CM*M jg the unitary matrix, the diagonal elements of matrix X are the eigenvalues
of Y, and V € CT*T. They split the matrix U into the signal space basis U € CM>*Mu
and the null space basis U,, € CM*(M=Mu) i o U = [U,|U,]. Then, the received signal is

projected onto the signal subspace as

Yy =UlY. (2.8)
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Figure 2.2: The asymptotic eigenvalue distribution is compared to the empirical eigenvalue density
for 100 coherence time and M,, = 10, [cited from [13], Fig. 1].

This reference proves that under the assumption % — 0, where M, denotes the number

of antennas of users, the subspace spanned by the interfering channel is orthogonal to
the desired signal subspace. As such, under the limit % — o0, the interfering channel can
be removed by this subspace projection. To clearly present this property, [13] plots the
eigenvalue density of the matrix Y'Y /M for varies proportion % as in Fig. 2.2.

Then reference [11] considered both power and angular domain and propose a pilot
decontamination method. However, both types of pilot decontamination methods exist
with strict assumptions. For the approach of the angular domain, they assume the channel
has low-rank, and the number of antenna tends to infinity; for the approach of power
domain, they consider the interfering channel comes from the neighbor cell. Indeed, the
low-rankness assumption of the massive MIMO channel for sub-6GHz still is disputed;
under the over-loaded cell situation, not only the user of neighbor cell but the inter-cell

users can impact the desired channel.

2.2 Downlink Channel Reconstruction in FDD Massive MIMO

From the mobile network operators’ standpoint, the current wireless systems mainly
operate in FDD mode as FDD systems show a much better performance in scenarios with
symmetric data traffic and delay-sensitive applications [21]. As such, a fast-growing number

of techniques have been proposed to make FDD as competitive as TDD systems, e.g., joint
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spatial division and multiplexing (JSDM) [15, 16], compressive sensing (CS) [17,32], and
deep learning [32], etc.

One main issue of FDD massive MIMO is the acquisition of downlink channel state
information (CSI) at the BS, given the high-dimensional channel with hundreds of elements.
Compared with FDD operation, this issue is less severe in TDD operation because the
downlink CSI can be obtained from the uplink training, thanks to channel reciprocity.
However, such uplink-downlink channel reciprocity does not hold in general with significant
uplink /downlink frequency separation. The BSs have to probe the downlink channels via
pilot training and ask for channel information feedback from the users. The high-dimensional
channel vectors (due to a large number of antennas) incur prohibitively expensive feedback
overhead and therefore result in inevitable performance degradation provided by the limited
channel coherence time and bandwidth. Thus, downlink channel reconstruction has been
deemed one of the major issues in FDD massive MIMO systems. To address these issues, a
variety of downlink channel reconstruction methods have been proposed in the literature.

It has been observed that the high-dimensional channel vectors admit a sparse repre-
sentation in the angular/beam domain, such that they could be efficiently represented by

low-dimensional ones [15—17,33]. Among many others, three approaches are outlined here.

2.2.1 Compressive Sensing in Downlink Channel Reconstruction

Compressive sensing (CS) is an attractive approach that can recover a high-dimensional
signal using fewer samples by finding a unique solution to an underdetermined linear system
(i.e. the number of equations is smaller than that of unknown variables). The perfect signal
recovery is under two conditions: a) Sparsity, where a large number of values are zero
or small enough to be ignored; b) Incoherence of matrix used to sample signal and basis
matrix, in which the sample signal is sparse [34]. By exploiting the sparse representation
in the beam domain, the CS-inspired methods have been proposed (e.g., [17,33,35]) to
reconstruct the channel vectors at the BS using the compressed downlink pilot signals fed
back from users. In particular, it allows each user to obtain the compressive measurements
of the probing signals locally, and feed back to the BS, so that the BS can jointly recover
the channel vectors using CS techniques [17].

Reference [33] proposed a two-stage design that includes adaptive CSI acquisition and
pilot design according to the previous acquired CSI. Reference [17] extends existed CS-based

CSI estimation techniques to multi-user massive MIMO FDD systems by exploiting the
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hidden joint local and individual scatters [36]. Generally speaking, the CSI estimation
and feedback by CS has three steps: pilot training, compressed measurement and feedback
to the BS, and downlink CSI reconstruction. Consider the downlink training phase of
massive MIMO FDD operation system, the BS broadcasts training pilot symbol sequence

X e CT"*M ¢, users, and the received signal at the i-th user is given as

yd = Xhd +n?, (2.9)

(CTdXI

where n € is the received normalized noise vector, T% « M is the pilot dimension.

| X |2 = p?T?, where p? measures the training signal to noise ratio (SNR).

For incorporating the sparsity features of signal matrices in multiuser massive MIMO,
they adopted a joint sparsity model for which each user’s channel has two parts of supports:
individual and common supports. Based on this model, the BS first sends fewer training
symbols to users, followed by the feedback of the compressed measurement from the users to
the BS, and finally, the BS recovers the CSI from the compressed measurement by using the
compressive sensing algorithm called joint orthogonal matching pursuit (JOMP). By using

the virtual angular domain representation [37], the channel vector h;-i can be expressed as
hd = VY, (2.10)

where V e CM*M ig a unitary matrix to transmit the channel from time domain to the
angular domain, and )\fl e CM*1 is the angular domain channel vector with certain sparsity.
This work assumes that common support exists in a user group, and each user in the
group may have different individual supports. Then, recover the estimated channel using
the supports at the BS side. The conventional CS-based approaches usually recover each
downlink CSI separately. At the same time, the JOMP algorithm makes the joint signal
reconstruction by combining all compressed measurements and also takes into account a

more general sparsity modeling with both common and individual supports.

Motivated by the framework of CS, dictionary learning has the similar property that only
fewer channel feedback will be required to recover the downlink channel vector, although
the basis vectors in the dictionary should be learned from training data in the pre-stage.
In particular, reference [17] uses a normalized square DFT matrix as the basis vectors for
the ULA antenna. Once the antenna array is changed from ULA to UPA/DP-UPA, the

common basis structure becomes a challenge. Reference [35] adopts the dictionary learning
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approach to obtain the dictionary matrix before downlink training without any predefined
structure limitation such as antenna array geometry.

Although effective to some extent, these CS-based techniques rely highly on the knowl-
edge of channel vector sparsity order (i.e., the number of significant elements) and probably
fail to reconstruct downlink channels reliably when the devoted pilot dimension is less than

the sparsity order.

2.2.2 Deep Learning in Downlink Channel Reconstruction

In addition to those model-based approaches, there is a new trend of using deep learning
to predict downlink channel from the observations of uplink training [32, 38-12]. The
basic idea is to build mapping from uplink channel vectors to downlink ones by using an
over-parameterized deep neural network. In principle, the deep neural networks with a
sufficiently large number of parameters can approximate any complicated functions as long
as the training dataset is large enough. Furthermore, rather than relying on the channel
sparsity assumption, this approach takes advantage of the reciprocal properties of impinging
waves at the user that are generated through different scatterers. This method uses different
types of uplink CSI from simulated, standardized and measured channels to train such a
neural network. For the neural network architecture, they use multiple one-dimensional
convolutional layers with different kernel sizes, which is similar to the established models in
computer vision like the very deep convolutional network VGG [413].

Similarly, reference [32] also adopts a neural network with the convolution layers.
However, instead of a deep convolutional neural network (CNN) network like VGG, the
authors propose a new network architecture nicknamed CsiNET, which includes two separate
encoder and decoder networks, and each of them consists of both convolution and fully
connected layers. Note that the sparse inputs in both references [32, 3] are transformed
from uplink CSI in the angular delay domain via 2D discrete Fourier transform. Moreover,
reference [34] improves the process after decoding by adding three extra long-short term
memory (LSTM) networks.

Remarkably, such a deep learning-based approach can estimate downlink CSI without
the need of specifying antenna array geometry or polarization that depends on the array
structure and scatters’ locations, whose connection is hard to describe in analytical models.
Theoretically, deep learning can solve this problem perfectly with an effective learning

process, provided a fixed range of frequency and scatter surrounding. However, there are
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still many challenges for the design of a proper and efficient neural network. For example,
the choices of the filter size, stride, and depth of the neural network are still unclear. In
addition, the accuracy of estimated CSI relies highly on the number and quality of training

samples, such that how to generate the training data sets is still a challenging task.

2.2.3 Second-Order Statistic in Downlink Channel Reconstruction

Recently, channel reconstruction by exploiting the second-order statistics has attracted more
and more attention [11—17]. Unlike the CS-inspired methods, these approaches leverage the
angular domain reciprocity to reconstruct downlink channel covariance matrices from the
uplink training. This technique relies on the critical assumption of the reciprocity of the
angular scattering function (ASF) — it assumes that the ASF is frequency-invariant over both
uplink and downlink frequency bands [16]. The uplink/downlink angular domain reciprocity
is built because the underlying angular distribution of channel vectors results in almost
frequency-invariant supports in the angular domain. Such channel support information can
be characterized by an ASF, which models the power spread density in the AoA domain
that depends only on the propagation environment. A recent attempt to exploit the ASF
reciprocity is in [44], in which a simple basis transformation is applied to obtain downlink
covariance matrices from the observed uplink ones at the BS. Firstly, the transmission
starts from an uplink preamble phase to obtain the AS information, used for initial user
grouping and scheduling. Then, the approach estimates the ASF and the instantaneous
channel estimation and updates users’ angle information, in which the ASF is used to
reconstruct the downlink channel covariance matrices in the last channel reconstruction
phase. Nevertheless, it turns out that this simple transformation is not very accurate
because the same uplink covariance matrix may correspond to distinct downlink ones.
Note that for the ULA antenna, the covariance matrix is a Hermitian positive semi-
definite Toeplitz matrix. Thanks to this property, the covariance matrix can be represented
by an ASF function with the normalized matrix, by which the downlink covariance matrix
can be estimated from that of uplink. Reference [15] estimates the ASF by applying a
projection method. Two algorithms have been proposed. The first one comes from a
solution of a linear system in Hilbert space, and it will be used to estimate the uplink
covariance matrix R". The vectorization of uplink and downlink are r* = G“a and
r? = Q% respectively, where each element of G corresponds to the inner products of

steering vector of uplink, and the element of @ comes from the inner product of those in
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both uplink and downlink in Hilbert space. The second algorithm comes from extrapolated
alternating projection method (EAPM), which is a fast iterative method given by [18].
Reference [19] extends the estimation of ASF and covariance matrix from ULA to DP-UPA
that is specified in the 3GPP standard. A similar projection method was adopted as the
ULA in reference [15]. In particular, the main difference is the extension of the steering
vector from single in ULA to two angles (i.e., vertical and horizontal) in DP-UPA and UPA.
A detailed introduction of DP-UPA can be found in reference [20]. This technique has two
advantages. Firstly, it has lower computational complexity than CS-based approaches (such
as dictionary learning) since the essential functions (such as ASF) are only required to be
computed or measured once. Secondly, it does not need the training stage and even the
users do not have to estimate the compressive measurement that is required for compressive
sensing (excluding reference [14], in which a long training stage is needed for user grouping,

and estimating position information).

As the channel angular support (i.e., non-zero elements) information is contained in the
covariance matrix, its acquisition can be made by estimating downlink covariance matrices
from the uplink ones, followed by the angular supports extraction. The channel support
information of all users establishes a beam-user association (a bipartite graph can model
that), in which the support of a user’s channel vector indicates the corresponding beams
that can be utilized to serve this user. Such a beam-user association can be exploited
for the intelligent beam-user assignment leading to artificially sparsified users’ channels.
This approach is referred to as ACS, which will finally help reduce the pilot dimension for
downlink probing while allowing for simultaneous multiple-access of a large number of users

using spatial multiplexing.

In particular, a novel approach has been proposed in [28] to reduce the pilot dimension of
downlink training through ACS while preserving a large number of users that can be served
simultaneously using spatial multiplexing. A small pilot dimension yields the reduction of
both downlink training and uplink feedback overhead. The proposed approach consists of

two major steps.

The first step is to acquire the downlink channel support information. One option is
to estimate downlink channel covariance matrices from uplink covariance estimation via
uplink /downlink angular domain reciprocity and then extract channel support information

from the downlink covariance matrices [28]. Given the general uplink channel vector of the
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i-th user h;, the channel covariance matrix can be given as

Omax
R = Blh(t Dha(t, 1) = | 5(0)as(6. (0. )" (21)
where a; (6, f) is the steering vector that varies with the antenna array, [fmin, @max] is the
AS of the i-th user, and ~(0) is a continuous function, the channel ASF, modeling the
power received from scatters located at the i-th user’s angular interval. When projecting
the function v(€) onto a high-dimensioned space, the discrete approximation of ASF can be
obtained that is sustainable for both uplink and downlink channels. A non-negative least

squares (NNLS) convex optimization problem [16] can solve this discrete estimated ASF

*

~* = argmin |Gy — 7y, (2.12)

where v* € CE*1

is the approximated discrete ASF, G » M is the projection dimension,
G € CM*C is a matrix whose the i-th column is given by a normalized steering vector,
G; = ﬁa(@i, ful), 0; = sin™! ((—1 + 2(2751)) sin(@max)>. Indeed, the projection matrix G
consists of the extrapolated steering vector in the angular interval (Opmin, Omax) from M
to G dimensions. In particular, this approach estimates the channel ASF of each user
from uplink pilots, followed by the “extrapolation” of the covariance matrix from uplink
to downlink. Thus, this approach yields more accurate estimates of downlink covariance

matrices without involving any additional training overhead.

The second step is to effectively and artificially reduce each user’s efficient channel
dimension, such that a single common downlink pilot of an assigned dimension is sufficient
to estimate a large number of users’ channels. Since all users’ channel angular support
information are acquired during uplink training, the BS can design a precoder matrix
depending on the resource budget devoted to channel training. To design the precoder
matrix, the authors of [28] first transfer the support information to a partially connected
bipartite graph as Fig. 2.3, and then find the solution of a maximize matching problem,
see (2.13), that an MILP could solve.

max | M (A, K')| (2.13a)
sit.deg(k) <T, VkeK’ (2.13b)
> wa = Po. (2.13c)
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Uy Uz Uz Uy

Figure 2.3: An example of a bipartite graph with 8 beams and 4 users, where each user connects a
few angular beams.

Owing to the user and beam status known from the above optimization problem, the
precoder can be designed. Then the effective channel of the i-th activated user will be
derived. To this end, such effective channel could be used to generate the zero-forcing
precoder. In doing so, the sparsity order of the downlink channels can be controlled
and therefore obtain a flexible channel estimation. This ACS concept is first proposed
in reference [28]. We can build the sparsity structure artificially when the sparsity of
the channel vector cannot be ensured or straightforward applied. However, the ACS of
reference [28] has many disadvantages. Firstly, this reference only considers the beam
side and ignore explicit user selection. Secondly, this reference formulate the precoder
design as a MILP problem that is solved by MATLAB function with high computational
complexity. Moreover, only multiplexing gain is considered not finite SNR in this reference.
Nevertheless, this concept ACS will be extent into more general scenarios such as, UPA
and DP-UPA, distributed massive MIMO, and consider comprehensive constraints, low

complexity algorithm of the optimization problem in our major chapters.

2.3 Pilot Assignment Problem in Distributed Massive MIMO

Most recently, various distributed network architectures for massive MIMO have been
proposed with different focuses. For instance, distributed massive MIMO [26,50] promotes
the “cell-free” concept in which every user will be jointly served by all RRHs so that
no handover will incur when the user moves because it is always within the single huge
cell. A central processing unit is enabled to coordinate information exchange and jointly

compute system parameters (e.g., pilot assignment, power control). Such a “cell-free”
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concept has attracted a lot of attention recently, including the considerations of spectral
and energy efficiency [51,52], precoding and power optimization [53,51], limited-capacity
fronthaul [55], user-centric approaches [56], the mmWave scenario [57], among many others
(see a comprehensive survey [29] and references therein). Moreover, the “fog” massive
MIMO proposed in [58] is dedicated to a seamless and implicit user association architecture
in which the users are assigned to certain RRHs with large-scale antenna array in an
autonomous manner by a novel coded “on-the-fly” pilot contamination control mechanism,
leading to autonomous handover as user moves and thus establishing a cell-transparent
network. Notably, pilot contamination is much severer in both cell-free and fog architectures,
where there is no clear cell boundary any longer. The uplink pilot assignment to the UEs is
done once for all and not re-assigned even when the UEs move freely across the coverage
area. It is in sharp contrast to the cellular-based massive MIMO systems, where pilot
re-assignment is simply assumed at every handover in order to guarantee that intra-cell
users have mutually orthogonal uplink pilots [%]. Hence, pilot contamination due to non-
orthogonal pilots represents an important limiting factor that is handled by global pilot
optimization in the cell-free scheme [20] or with coding and “on-the-fly” contamination
control in the fog scheme [58].

To address the pilot contamination issue, a number of works have concentrated on

low-complexity pilot assignment algorithms in the distributed massive MIMO setting.

2.3.1 Greedy Algorithm

In particular, a greedy pilot assignment method was proposed in [20] to gradually refine
the random assignment in order to gain improved throughput performance.

A distributed massive MIMO system model is considered with M APs and K users as in
Fig. 1.3(b) of Chapter 1.2.2, and this chapter assumes 7T, orthogonal pilot sequences serve
K > T, users. If T, > K, K orthogonal pilot sequences are assigned to the K users. The
simple baseline of the pilot assignment strategy is random assign T, pilot sequences to K
users [59]. Such a random pilot assignment method can alternatively be achieved by letting
each user choose an arbitrary unit-norm vector. However, this strategy does not work well
due to the non-mitigated pilot contamination between users. The reference [20] proposed a
simple greedy algorithm to assign pilot sequences to users effectively. They assume there are
S = {s1,...,s7.} pilot sequences and the proposed simple greedy algorithm of reference [2(]

is shown as four steps:
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e step 1: Select K pilot sequences si,...,sx randomly and assign them to users.
Initialize the iteration number as n = 1. Note that the assigned pilot sequences are
randomly selected from the set S so that some neighborly users might be assigned

with the same pilot sequence.

e step 2: Calculate the downlink rate of all users and find the user k* with the lowest

rate.

e step 3: Substitute the pilot sequence of user k* by choosing six from S which

minimizes

M K
minz Z |8t s |2 (2.14)

m=1k £k*

e step 4: Set n:=n + 1. Repeat step 2 and 3 until n > N.

2.3.2 Clustering Algorithm

Another pilot assignment method in distributed massive MIMO is the clustering/grouping
algorithm. The clustering algorithm assigns data points that are similar to each other
into a number of clusters. As one of the most popular clustering algorithms, k-means has
been adopted in several fields of wireless communication theory, such as user grouping
problems in FDD massive MIMO systems. Authors of [0, 61] adopt such idea in the
distributed massive MIMO pilot assignment problem as geography-based k-means (GB-KM)
and interference-based k-means (IB-KM).

The reference [(1] proposes a policy that creates the pilot reused scheme to maximize
the minimum distance among copilot users. They assign the K users into T, disjoint subsets,
in which each subset includes K /T, users. Such an algorithm operates similarly to the
k-means clustering algorithm. Firstly, select random points as initial centroids, and each
point is assigned to its nearest centroid. Then, update the centroid position by averaging
over the points belonging to the respective clusters. The points are reassigned, and then
repeat the former step until the cluster is sustainable. Once the clustering has taken place,
the users that are closest to the centroids are identified to form the subset. The users in
the subset are assigned T, pilots, respectively.

The clustering algorithm idea is adopted in reference [60] to assign the pilot based

channel information instead of the distances between all users and RRHs (or APs). This
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work proposes an RRH selection algorithm before making the pilot assignment decision so
that each RRH at most serves T, users. According to the large-scale fading coefficients,
each user chooses the RRH with the largest coefficients. Once the number of served users
of the selected RRH exceeds the pilot dimension T, the competition occurs. The strategy
of such competition is that the RRH prefers choosy the user with the stronger channel, and
the weakest user cannot connect with the RRH. If all RRHs reject a user, the last rejected
one has to serve this user. Based on the above RRH selection algorithm, authors of [60]
proposed two pilot assignment algorithms. One is IB-KM based on k-means algorithm, and
the other one is the user grouping algorithm. The brief description of the two algorithms is
shown in the next paragraph.

The IB-KM performs the k-means algorithm with TKC clusters using user and random
points at the first step. Then each user selects the nearest RRH as its centroid. A similar
competition with the RRH selection occurs if the cluster includes more than T, users, and
the strategy of RRH selection can be achieved in this IB-KM algorithm as well. Such
k-means type pilot assignment can suppress the interference generated by pilot-sharing
users, and it is named as IB-KM pilot assignment scheme. The user grouping method, is
proposed by [60]. The authors claim that an interference matrix can obtain the interference
relationship between users, and if there is no interference among two users, they can be
clustered as a group. In addition, a threshold is introduced to control the pilot dimension
in this paper.

Moreover, joint RRH selection and pilot assignment was considered in [30] to make
the network more scalable. A dynamic pilot reuse scheme was proposed in [62] by using
user-centric clustering methods. By modeling the conflict of pilot assignment between users
as an interference graph, graph coloring based methods (e.g., [03—05]) were proposed for pilot
assignment. Further, a graph coloring based pilot assignment algorithm was proposed in [(5]
with interference minimization. Pilot assignment can also be formulated as a graph matching
problem [66], which can be solved efficiently by the Hungarian algorithm. Furthermore, a
heap-based algorithm has been adopted in [(7] to reduce pilot contamination and enhance
spectral efficiency, and a tabu search method in [65] to exploit local neighborhood search.

Although promising, these approaches either rely on sum rate evaluation during the
pilot assignment process or heuristics without theoretical guarantees. In the former, rate
calculation also involves power allocation and channel estimation related to pilot assignment.
This is a “chicken-and-egg” problem. Although some heuristics work well in small-scale

networks, they are not provably scalable for large-scale ones. As the pilot assignment
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problem has a combinatorial nature, it is, in general, NP-hard and challenging to find a
provably scalable solution. In this regard, a natural question then arises as to how develop

a principled way for pilot assignment by using only the long-term channel information.

2.4 Exploiting Channel Sparsity

The above introduced approaches implemented on the angular domain rely on the channel
sparsity property that can be exploited when transferring the users’ channel into the angular
domain. This section will introduce the methods and the theory of exploiting channel

sparsity property in a massive MIMO system.

2.4.1 Channel Sparsity
Channel Sparsity in Centralized Massive MIMO

In centralized massive MIMO, the crucial point of exploiting the channel sparsity is to
transfer the user’s channel onto the angular domain. The typical method obtained from the
channel spectral spectrum is the common basis decomposition of channel vector/covariance.
Similar to the SVD, the common basis decomposition method projects the channel onto
a common space. By contrast, this common basis is not a specific space for one user but
all users’ channels. Usually, for ULA massive MIMO system, the columns of DFT matrix
are used for common bases. To make the common basis decomposition more clearly, the
analysis is started from the channel structure. As mentioned in Chapter 2.1.1, given the

channel vector h in (2.1), the ULA covariance matrix R = E{hh"} can be written as

R-FE { f ﬁ(@)ﬁ*(9/)a(9)aH<9’)d0da’} _3 J a(6)a"(0)do, (2.15)
A A
due to the fact that 5(0) is i.i.d. across paths, i.e.,

B, 0=20

. (2.16)
0, otherwise

E{B(0)5"(¢')} = {
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Figure 2.4: The structures of (a) a Toeplitz matrix T}, and (b) a block Toeplitz matrix B,,, where
T,.(me€[—n+1,n—1]) is a matrix. When T, is a Toeplitz matrix, B,, becomes a doubly Toeplitz
matrix.

By plugging equation (2.2) into (2.15), the covariance matrix appears Toeplitz structure as

B 1 6—]3\—26!(:059 e—?]%dcos@ e—]%d(M—l) cos 6]
e]%dcos@ 1 e—jf—ldcos@
2 2 2
R = f e?jk::}dcose ejﬁdCOSH 1 6—2]>\:de059 de.
.A 2m
. . ) fjmdcose
2n _ 27 2m
_6]>\w d(M—1) cos o e2j/\wdcosa eg)\wdcosﬂ 1 |

(2.17)

Toeplitz Matrix Theory

Before proceeding further, the definitions are introduced related to Toeplitz matrix [69]
and its extension to block Toeplitz matrix [70] and doubly Toeplitz matrix [71,72]. Given a
sequence of scalars {t_,11,...,t_1,t0,t1...,tn—1}, an n x n matrix T}, is a Toeplitz matrix
if [Ty,)i; = ti—; for all 4, j € [n], see Fig. 2.4(a). Similarly, given a sequence of M; x My
matrices {Tn41,...,T-1,To, Ty ..., Th—1} , an nM; x nMy matrix B, is a block Toeplitz
matrix if the (¢, j)-th My x My submatrix [By]; j = T;—; for all i, j € [n], see Fig. 2.4(b).
In particular, if T;, is an N x N Toeplitz matrix for all —n+1 <m < n —1, then B,, is
an nN x nN doubly Toeplitz matrix, also known as Toeplitz-block-Toeplitz (TBT) matrix
(i.e., block Toeplitz matrix with Toeplitz blocks). Further, if T}, is an NM; x N My block
Toeplitz matrix for all —n 4+ 1 < m < n — 1, then B,, becomes an nINM; x nIN My doubly

block Toeplitz matrix. It can be viewed as a Toeplitz matrix with each element being block
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Toeplitz matrices, or a doubly Toeplitz matrix with each element being a general matrix.
Throughout this thesis, consider Hermitian matrix, that is t_; = ¢} for Toeplitz matrix and
T_; = T} for block Toeplitz matrix.

The circulant, block circulant, doubly circulant, doubly block circulant matrices can be
similarly defined as their Toeplitz counterparts, where the only difference is the circular
operation using the modulo operator mod, i.e., for the scalar sequence [Cy,]ij = ¢(i—j) mod n

for all i,j € [n] and for the matrix sequence [B,];; = C| mod n for all 4,5 € [n].

i—j)
Apparently, the (doubly block) circulant matrix is the special case of (doubly block)

Toeplitz matrix.

Given an n x n circulant matrix C,, it can be diagonalized by DFT matrix, i.e.,
C,, = F,AF} with A being a diagonal matrix. Such diagonalization process also is the
reason why the ULA massive MIMO system channel can be transferred to angular domain
by DFT matrix. Such diagonalization can be extended to block, TBT, and doubly block
Toeplitz matrices as well. For an nN x n/N doubly circulant matrix, it can be diagonalized
by 2D-DFT matrix F,, ® Fy. For an nM; x nMs block circulant matrix B,,, it can be
block-diagonalized by B,, = (F,, ® I )3 (F, ® Ip,)" where X is an nM; x nMy block

diagonal matrix, with each block being an M; x My matrix.

When n tends to infinity, each Toeplitz matrix can be associated with a generating
function, which is a continuous and periodic function [69—72]. For instance, the Hermitian
Toeplitz matrix T), can be generated by a real function F': [—1/2,1/2] — R, i.e., F(w) =
St o tre?? ™ Similarly, the Hermitian block Toeplitz matrix B,, can be generated by
a matrix-valued real function F : [—1/2,1/2] — RM>*Mz o p(w) = Yoo Ty, e72™he,
Further, for the Hermitian doubly block Toeplitz matrix, it can be generated by F :
[—1/2,1/2])% — RMixMz 4 6

0 0
F(CU1,£U2) = Z Z Tk17k2€J2ﬂk1w16]27rk2w2. (2.18)

k‘1:—OO kJQZ—OO

The circulant counterparts share the same generating functions.

The above derivation demonstrates the mathematical theory decomposing the covariance
matrix using a common basis, as illustrated in Fig. 2.5(a). The left and right matrices in
this figure represent the common basis and its Hermitian, respectively, whereas the middle
matrix is a diagonal matrix including the coefficients in each dimension. It’s worth noting

that matrix decomposition has its insight in signal processing. To analyze the channel
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Figure 2.5: The angular normalized spectrum of massive MIMO system with 128 ULA antennas.

structure, the information in the time domain is projected into another region, referred to
as the angular/beam domain, as shown in Fig. 2.5(b). For instance, a DFT matrix of size
M spans the space of a M ULA antenna system. Because the DFT matrix contains angular
information in the range (0, 27), the projection space is referred to as the angular domain.
Due to the fact that each column of the DFT matrix can indicate the direction of the
virtual beam, this space is sometimes referred to as the virtual beam domain. As a result,
the z-axis in Fig. 2.5(b) represents the index of the virtual beam; the coefficient value
represents the normalized power; and the support, i.e., the non-zero index of the z-axis,
represents the angle information for the specific user. Obviously, from observing Fig. 2.5(b)
the channel under ULA scenario is sparse, which indicates that the partial CSI comprises
practically all information of this channel. The support interval in the angular domain
is related to the angular information, i.e., AOA and AOD, that has been demonstrated
by existed study works [10, 15]. Additionally, when the common basis decomposition is
transformed into the SVD decomposition of the specific user, the angular information is

stored in the specific unitary matrix, which is also the user’s power subspace.
Sparsity Property in Distributed Massive MIMO Network

As mentioned before, the centralized massive MIMO has a sparsity property, which is
useful to resolve the centralized massive MIMO challenges of both TDD and FDD scenarios.
Under the low rankness assumption, when the user’s channel is cast into the angular or

beam domain, its angular spectral density exhibits some sparsity property (e.g., [10,15,27])
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Figure 2.6: The normalized S, of distributed massive MIMO with 100 APs/RRHs.

— most spectral density values are close to zero — with massive antennas. Such a sparsity
property has been demonstrated to be very useful in both TDD and FDD systems.

As a matter of fact, the sparsity property also can be observed in distributed massive
MIMO due to the distance and obstacle from RRH to users. In distributed massive MIMO,
due to the user-RRH distributed configuration, the distributed massive MIMO is seen as a
fully connective network. However, owing to the random locations of RRH antennas, the
fact that power decays rapidly with distance, the existence of obstacles, and local shadowing
effects, specific the user-RRH links are unavoidably much weaker than others, which by
intuition makes these concerned RRHs not suitable to serve some users. The simulations
also confirm this in, e.g., [26,53], where only a small fraction of RRHs contribute most to a
user while the contribution of the rest is negligible. Here, the large scale fading coefficient
figure versus RRH’s index is plotted as in Fig. 2.6. The z-axis in this figure represents the
index of the AP, while the y-axis represents the normalized §,,x between the user and the
relevant AP. It indicates that because the distance between the user and the AP is vary, the
channel of distributed massive MIMO is sparse. Thus, the channels of distributed massive
presents sparsity structure as well, so that the channel coefficients between some RRH and
the user with negligible contributions are not necessarily estimated, and one pilot sequence
can be allocated to more users as long as it does not cause severe pilot contamination.

As such, it suggests the use of a partially-connected bipartite graph to model, at least
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approximately, the network connectivity, i.e., which RRH antenna serves which user, to
artificially sparsify the network topology and channel estimation pattern so that the pilot

assignment can be done based on the sparsified the user-RRH connectivity.

2.4.2 Active Channel Sparsification

One question on exploiting channel sparsity is that under the sub-6GHz, the sparsity
property still is debated. Hence, reference [28] first proposed the ACS concept that exploits
the channel sparsity property artificially by imposing a structure on the common beam
space representations of users’ channels. For the sake of self-containedness, the main idea

of ACS proposed in [28] is briefly introduced, with the focus on ULA antenna geometry.

Channel Representation

Fach user’s channel is represented as a weighted sum of a set of vectors chosen from
common bases. These common basis vectors are also referred as to virtual beams in the
angular/beam domain. Usually, for the ULA antenna setting, the columns of discrete
Fourier transform (DFT) matrix are adopted as common basis vectors. This is underpinned
by the fact that the channel covariance matrix of ULA antenna is a Toeplitz matrix, which
asymptotically approximates the circulant matrix that can be diagonalized by DFT matrix.

Such a representation ensures that all users are represented in the same vector space,
such that beam selection can be alternatively done by switching on/off the basis vectors. If

Ty, 18 used to denote the status of the beam-m, it can be written as

1, if beam-m is selected,

T, = 2.19
" {O, otherwise. ( )

In a similar way, a binary variable y; can also be introduced to denote user selection, i.e.,

1, if user-i is selected,
i = (2.20)

0, otherwise.

Hence, after adopting the user and beam selection strategy, according to Karhunen-Loeve

theorem, the estimate of the i-th user’s channel h;, can be asymptotically written as

M
h; ~ Z T lima/Wim fm, (2.21)
m=1
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Uy Uz Uz Uy

user set U = {uy, Uy, Uz, ug}
beam set B = {a,, a,, as, as, as, as, az, ag}

Adjacency Matrix

Figure 2.7: The partially connected graph represented from system model and exhibits the connection
between beams and users.

if user-7 is selected, i.e., y; = 1, where f,,, is the m-th common basis vectors used for channel
representation, wj ,, is the corresponding coefficient that can be estimated by downlink
training, and ¢; ,,, is an i.i.d. complex Gaussian random variable, i.e., ¢; , ~ Nc(0, 1), which
contributes to the randomness of the channel vector h;. Note that, the common basis of
ULA can be implied to other channels e.g., Ricean fading channels. This decomposition
only relies on the second-order statistics structure. Therefore, the DFT basis of ULA
configuration is valid in a wider sense as long as the covariance of ¢; ,, is a constant. Usually,
in the ULA setting, f,, comes from the columns of the DFT matrix Fi (e.g., [28,09]), and
in the M, x M, x 2 DP-UPA setting, f,, is usually from the columns of the common basis
I, ® Fuy, ® Fuy,, (e.g., [73]).

Graph Representation

To describe the interaction between beam and user selection, a weighted bipartite graph
can be constructed, where beams are on one side and users are on the other side. A beam
and a user is connected if the beam contributes to channel representation of such user (see
Fig. 2.7). By such bipartite graph representation, the user-beam association is established
with respect to the weighted combinations of channel representation.

For the readers’ reference, some graph definitions are introduced. Consider an undirected
bipartite graph G = (U, V, £) with two vertex sets U and V, and an edge set £. For any
uelUand v eV, e= (uv) e & if and only if v and v are connected with an edge
e. The neighborhood of a vertex v is the set of nodes u € U such that (u,v) € &, i.e.,

Ng(v) = {u el : (u,v) € E}. The degree of a vertex v is the number of nodes in the
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neighborhood of v, i.e., degg(v) = [Ng(v)| where [N is the cardinality of the set N/. The
adjacency matrix A of the bipartite graph G = (U, V,€) is a binary matrix, where A;; =1
if (i,7) € € and 0 otherwise. The bipartite matching of the bipartite graph G = (U, V,E) is
a subset of edges Mg < £ such that there are not edges in Mg sharing the same vertex.

More detailed graph definitions can be referred to [74].

Beam/User Selection

The aim of beam /user selection is to switch on/off beams and users to avoid beam overlapping

among selected users, in order to achieve the maximum multiplexing gain (i.e., prelog of

the sum rate expression). The optimization problem was given in [258] as
(P1): max [Mg/| (2.22a)
st. degg(u;) <T, Vu; el (2.22b)
Y wim=P Yuel (2.22¢)
meNgl (Ul)

where |Mg]| is the maximum cardinality bipartite matching number of the selected subgraph
G = (B,U' &), and the degree constraint (2.22b) guarantees that for each the selected user
u; € U’ the number of beams to represent this user’s channel vector is no more than 7', and
the power constraint (2.22¢) is to ensure that for each selected user u; € U’ the sum power
of representing beams is no less than P. The degree and power constraints ensure that each
selected user should have a sufficient number of (but not too many) representing beams
selected, so that those beams with little contribution to a user’s channel representation can
be switched off.

As usually there are much more beams than users, by intuition, the maximum cardinality
bipartite matching tends to select all users and only the users have severe conflicting
representing beams will be unselected. As such, there is only implicit user selection through

beam selection.

Casting as an MILP

By establishing the equivalence between the maximal multiplexing gain and the maximum
cardinality bipartite matching of the graph representation, the objective of ACS can be

solved by finding the solutions to an MILP [28] involving two sets of binary variables
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Ny ,M

im=1> €.,

{zm}M_, and {yl}f\;Ul, and a set of continuous ones {z; .}

(P): max > >z (2.23a)

Tm,Yi,%i,m

bmeB u, el
st zZim < [A]i7m, Vb, € B, u;el (2.23b)
> Zim < Tm, VbmeB (2.23¢)
uieu
D zim <y, wield (2.23d)
bm€B
Z [Alimzim < Tyi + M(1—y;), Yu; el (2.23e)
bmeB
Py; < D [Wlim&Tm, VYuiel (2.23f)
bmeB
Tm < Y [Alimyi, VbmeB (2.23g)
uieu
Tm,Yi €{0,1} Yu; €U, by, €B (2.23h)
Zim€[0,1] Vu;eU, by eB (2.23i)

where the variable z; ,, = 1 indicates the m-th virtual beam is selected to represent the
i-th user’s channel, and z;,, = 0 otherwise; the binary matrix A is the adjacency matrix of
graph G; and [W; , = w;», indicates the contribution of the block beam m to the i-th
user’s channel representation. The constraints (2.23b), (2.23c) and (2.23d) are to guarantee
the edges z;,, = 1 in the selected subgraph form a maximum cardinality matching. The
constraint (2.23¢) guarantees that the number of connected beams of the selected user
i is no more than 7', so that the sparsified channels can be stably estimated [28]. The
constraint (2.23f) presents that the sum weights of the selected beams of activated user
¢ cannot lower than P, so as to avoid selecting users with poor channels. The constraint
(2.23g) ensures that if the beam m is activated, there must be some corresponding users are
selected. It is worth noting that user selection and interference control are not explicitly
considered. Such an MILP formulation is an NP-Hard problem, and there is not known
polynomial-time algorithm to solve it efficiently. Using the branch-and-bound techniques,
e.g., the built-in “intlinprog” function in MATLAB, it is feasible for a small-size MILP to
find the solution {z }M_,, {y;"}f\i Y and {z:‘m}f\g%:l efficiently, where the selected beams

and users are indicated by {m : z}; = 1} and {i : y} = 1} respectively.
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2.5 Summary

In this chapter, the channel models of centralized and distributed massive MIMO are first
introduced, respectively. Then some existing methods of three challenges in both types
of massive MIMO have been reviewed. Several approaches introduced in this chapter are
designed in the angular domain with the channel sparsity property. To transfer the channel
to the angular domain, the approaches of exploiting channel sparsity have been shown in
this chapter for both centralized and distributed massive MIMO. Moreover, to understand
the method of channel representation onto angular domain, the Toeplitz matrix theory
is briefly introduced in this chapter. In addition, the ACS concept used in the following
chapters is briefly introduced as a preliminary. However, most existing research works have
strong assumptions e.g., channel sparsity, infinite antenna, etc. Generally, they do not
consider the UPA and DP-UPA system model that is more practical than that of ULA.
Such challenges will figure out in the following three major chapters.

In the next chapter, the common basis analysis of UPA for transferring channels to the
angular/beam domain will be derived and analyzed. Then, Chapter 3 adapts and upgrades

the ACS concept in pilot decontamination problem of UPA system.



Chapter 3

Active Channel Sparsification for
Uplink Massive MIMO with

Uniform Planar Array

3.1 Introduction'

This chapter is the first application of the proposed generalized ACS concept. When a large
number of users are requesting service simultaneously, the users’ channel are overlapping
in the beam domain with high probability, resulting in severe pilot contamination during
uplink training and multiuser interference for transmission phase. By transferring the
channel to beam/angular domain, the TDD massive MIMO system can be represented as a
bipartite graph, allowing the ACS concept to be used to figure out the challenge in TDD
massive MIMO. To address the pilot contamination and interference issues, this chapter
employs the ACS concept by switching on/off beams and scheduling users to artificially
eliminate the overlapping among users in beam domain without degrading too much channel
estimation accuracy as well as uplink sum rate performance.

Compared with the existing pilot decontamination methods, e.g., [10, 13, 14,83], the
proposed approach does not rely on the assumption of channel sparsity, and takes both

uplink channel estimation and data transmission into account. Moreover, this approach

1©[2021] IEEE. Reprinted, with permission, from [Han Yu, Li You, Wenjin Wang, Xinping Yi, Active
Channel Sparsification for Uplink Massive MIMO with Uniform Planar Array, IEEE Transactions on Wireless
Communications, 2021.04]
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improves the original formulation in [28] by considering both performance metrics in the
infinite SNR (i.e., multiplexing gain) and finite SNR (i.e., signal-to-interference-plus-noise
ratio) regimes, as well as explicit user selection. Specifically, contributions of this chapter

are three-fold.

e By analyzing the channel covariance matrix of UPA massive MIMO, which has a doubly
Toeplitz structure, the user’s channel in the angular/beam domain is approximately
represented by employing the two-dimensional DFT basis vectors as virtual beams.
As such, this chapter formally confirms in a principled way that if the representing
beams of different users are not overlapping, then the same pilot can be reused for
channel estimation of these users without pilot contamination. This agrees with the
well-known results for ULA massive MIMO.

e The ACS strategy is explicitly implemented by introducing a set of binary variables
for the selection of beams and users, by which this chapter constructs the effective
channel covariance matrices by projecting the original ones onto the subspace spanned
by the selected virtual beams. Such projected covariance matrices serve for channel
estimation and uplink receiver design. It will be shown effective by simulations with
respect to sum rate and channel estimation performance even in the non-asymptotic

regime with a finite number of antennas.

e By representing the beam-user association as a weighted bipartite graph, the joint
beam and user selection problem can be cast as a maximum cardinality bipartite
matching problem on the graph representation. By doing so, the mean squared error
(MSE) minimization and sum rate maximization problems are reformulated as two
MILPs, for which off-the-shelf solvers yield feasible solutions. To further mitigate the
limitations of parameter choosing, an alternating projection algorithm between two

MILPs is proposed.

Numerical results are also provided to demonstrate the effectiveness of our proposed
methods in both rectangular (16 x 8) UPA and ULA (128 x 1) antenna configurations.
Notably, our proposed uplink channel estimation and transmission methods with joint beam
and user selection have superior sum rate and MSE performance than the vanilla MMSE
scheme without user/beam selection as well as the classical baselines with user grouping.

The rest of this chapter is organized as follows. In Section 3.2, the massive MIMO

system model with uplink channel training and data transmission is presented, followed by
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Figure 3.1: A single-cell multi-user massive MIMO network with UPA antennas equipped at the
base station that serves a number of single-antenna users.

asymptotic analysis on the channel covariance matrix and the ACS framework in Section
3.3. In Section 3.4 a joint beam and user selection approach based on a weighted bipartite
graph representation is proposed. The simulation results and the conclusion are presented
in Sections 3.5 and 3.6, respectively.

Notation:

An n x n matrix X has a Toeplitz structure if and only if [ X]; j = [X]i+1,j41 for any
i € [n] and j € [n]. An mn x mn matrix X is a doubly Toeplitz matrix, if X has a Toeplitz
structure with m x m blocks and each block also has a Toeplitz structure with size n x n,

ie., [[X]ijlpg = UX]i+1,+1]p+1,4+1 for 4,5 € [m] and p, q € [n].
3.2 System Model

3.2.1 Channel Model

In this chapter, a single-cell uplink massive MIMO system is considered, (see Fig. 3.1)
where the base station equips with an M, x M, UPA antenna serving Ny single-antenna
users. Let M = M, x M, be the total number of antenna elements. Through the multiple
scatters, the AOA interval of azimuth and elevation are determined as A and B, and the

uplink channel vector of the i-th user can be given by [27], [28]

h= L Lﬁ(e,wa(e,@dedd», (3.1)

where A = [Omin, Omax|, B = [@min, Pmax] and [A| = 26y and |B| = 26,. Note that dp and
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4 are the angular spread (AS) of azimuth and elevation, respectively. The complex gain
B(0, ¢) is assumed to be independent and identically distributed (i.i.d.) across paths, with
constant second-order statistics, i.e., 8 = E{|8(6, $)?}, and a(6, ¢) € CM*! is the steering
vector of UPA and can be written as [20], [84], [85]

1 1
& 2::}3’ sin(¢) sin(6) & 2;5” sin(¢) cos(6)
a(0.6) = a,(6,6) ® a4(0, ) = : ® | ,
e]%ifyil) sin(¢) sin(6) e]%ﬁfz*l) sin(¢) cos(6)

(3.2)

where d, and d, are antenna spacing of column and row arrays, respectively, and A, is the
wavelength.

Each coherence block in a TDD massive MIMO scenario consists of two phases: training
and data transmission phase. During the uplink training phase, the base station estimates the
instantaneous channel using the method that was developed. Take note that the estimated
channel information may include only the partial channel information for activated users,
and these estimated channels are used to generalized the precoder (e.g., ZF). Consequently,

the algorithm provided in this chapter gives a method for user and beam selection.

3.2.2 Uplink Channel Estimation

During the uplink training phase, the received pilot signal at the base station is expressed

as
Y = h;s] + > hjs; + N, (3.3)
J#i
where s; is the pilot sequence assigned to user ¢ with s; = [s1, S;2,- -+, si-]". The pilot

sequences are assumed orthogonal, i.e., si's; = 7 if s; = s; and 0 otherwise, where 7 is the
length of pilot sequences. IN € CM*™ is AWGN at the antennas across pilot dimensions,
where each element is i.i.d. Gaussian with zero mean and variance 2. The uplink channel
h; e CM*1 ~ N¢(0, R;) of user 4 is given in a similar form in (3.1) where R; = E{h;h!'} is
the channel covariance matrix.

For clarity, only the interference caused by the users with the same pilot sequence
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is taken into account, while the interference from the users assigned with different pilot
sequences can be easily mitigated by multiplying the pilot sequence. Thus, let all users of
interest send the same pilot signal s; = s for all i. Before proceeding further, the MMSE
channel estimation is recalled . Let S = s ® Iys with S'S = 71I),. By vectorization [10],
the received pilot signal in (3.3) is represented as y = S Zfi’fl h; + n, where y = vec(Y)
and n = vec(IN). Hence, the linear MMSE estimator for a desired channel h; can be given

by

Ny -1
hMMSE _ R, <021M +7)] Ri> Sty. (3.4)
i=1

3.2.3 Uplink Data Transmission
During the uplink data transmission phase, the received signal at the BS can be written as

Ny
gt = Z h;d¢ + n?, (3.5)
i=1

(CM><1

where x? is the transmitted signal from the i-th user, g € is the overall received

CM>1 ig the i.i.d. Gaussian noise.

signal at the base station, and each element of n? e
In this phase, linear receive combiners w; € CM*! are designed based on the estimated

channels in the training phase to recover the transmitted signal d;i, that is, cZgl = w,f'gd.

Due to the overlapping of channel spectrum in the angular domain, the overloaded mul-
tiuser system incurs potential pilot contamination and interference-limited data transmission.
A natural way is to select a subset of users to access the channel resource simultaneously.
In view of the fact that users’ channels in the beam domain have some nice properties
(e.g., sparsity), the user selection is performed in the beam domain, taking possible beam
selection into account. The goal of this chapter is to design proper uplink channel estimators
and receiving combiners at the BS with joint beam and user selection, striking a balance
between pilot decontamination and data transmission. Before proceeding further, the
asymptotic behavior of the channel covariance matrix is analyzed, which will guide our

design of channel estimation and joint beam/user selection.
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3.3 Active Channel Sparsification and Asymptotic Analysis

For the asymptotic analysis of massive MIMO with UPA antennas, this section starts with
the following theorem, which has been widely-accepted in the literature yet not formally

proved.

Theorem 1. For the UPA massive MIMO, the channel covariance matriv R = E{hh"}
has a Hermitian doubly Toeplitz structure, so that it can be asymptotically diagonalized by
the 2D-DF'T matriz, i.e.,

Mm}zg?ﬁooR = (Fu, ® Far, )A(Fa, © Fyr,)" (3.6)
My M,

=2} 2 X(@a, 0)(fa ® 90) (fa @ 1), (3.7)
a=1b=1

where {fa}g/ﬁ’l and {gb}é\iﬁ are columns of the DF'T matrices, and A € CM*M s o diagonal
matriz with the ((a — 1)M, + b)-th diagonal element being

X(Was &) ZZ p e ), (3.8)

for which (wq, () = (gj\}i’ SJT/ID and

T BJ J d l/-‘rdu,u)smqﬁsm@ded(b7 (39)

with p € [—My, My, v € [-M, M,], and 8 = E{|B(0, ¢)|2}
Proof. See Appendix 3.7.1. O

Remark 1. Theorem 1 guarantees that the covariance matriz of UPA massive MIMO
channel can be asymptotically represented by the linear combination of a set of common
basis vectors coming from 2D-DFT matrices. This is a generalized version of the covariance
matriz in ULA massive MIMO from Toeplitz to doubly Toeplitz. When M, =1 or M, =1,
Theorem 1 reduces to the ULA setting with the channel covariance matriz being Toeplitz

and the common basis vectors being from 1D DFT matriz, which agrees with that in [15].

In what follows, Theorem 1 will be shown useful for channel representation, which is
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the key enabler of joint user and beam selection in Section 3.4. As ULA is a special case of
UPA, we focus on UPA hereafter, and the ULA setting can be easily specified.
For m € [M], denote by v, = f, ® gp with m = (a —1)M, + b, and F = Fy, ® Fy, .

By Karhunen-Loeve transform, the channel vector can be asymptotically represented as

M
1
i = FAZ by = D7 A/ Nimhunm, (3.10)
m=1

where hy, is the m-th entry of h,, ~ N¢(0,1I), and ), ,, is the m-th diagonal element of A;.
For brevity, let 7 = 1 and s = 1. Thus, the MMSE channel estimate turns to be

Ny -1

hMMSE _ R, <021M + ] Rj> y. (3.11)
j=1

According to Theorem 1, the estimated channel vector can be asymptotically written as

Ny -1
RMMSE _ ((0211\4 I Z Rj) R¢_1> y (3.12)

j=1

M Ny M M -1
— ((Z 2ol + Z Z )\jmvmv;) Z )\wlnvmvgl> y (3.13)
m=1 m=1

j=1m=1
M Ny M M -1
— ((Z sz\gﬁLva% + Z 2 AjmUmUp, X Z AZ%”m‘%)) y.  (3.14)
m=1 j=1m=1 m=1

Because vector vy,, m € [M] is orthogonal vector, i.e., v} v, = 1, v v, = 0,k # m, so that

the estimated channel vector can be derived as

M M N, -1
) U
RMMSE _ <<Z aQA;,}lvm'vZ'@ + Z Z >\j7m>\m}1vmv;>> ] (3.15)
m=1 m=1j=1
M

Ai m H
= Z N 3 UmUnY, (3.16)
me1 251 Ajm + 02
with y = Zj h; + n being the training phase signal when pilot s = 1.

Theorem 2. Let S; = {m : A\i,, > 0} be the support of beam representation of user i’s
channel. If S; nS; = & for all j # i, then MSE; o, = 0 when SNR tends to infinity.
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Proof. From (3.16), the asymptotic MSE can be given by

MSE; o0 = E { | hip, — RYRISE)2} (3.17)

M
— tr (2 Aim (1 — NUA"’2> vmv;'n> (3.18)
m=1 Zj:l )‘j,m +o

M s
= > Aim (1 — Zm> , (3.19)

Ny 2
m=1 =1 Ajm + 0

where (3.18) is due to tr(vp,vl,) = tr(viv,) = 1.

In the high SNR regime, i.e., 02 — 0, MSE; o, in (3.19) approaches

lim MSE; », = Nijm — =
0?0 ” mZ:I ( ’ ZjV:UI Aj,m)
N,
_ f (Za‘iﬁ Ai}@%m - Aim) (3.20)
m=1 Zj:l Ajm
N,
M Zﬁz )\z’,m}\j,m
= Z B e 0, (3.21)
m=1 Zj:l >‘j,m

where the last equation is due to the fact that §; n'S; = ¢J implies A; ;,\jm = 0 for any
m € [M] when i # j. This proves Theorem 2. O

Theorem 2 agrees with the existing results for ULA in [10,27] that, if users have non-
overlapping spectrum in the beam domain, they can be assigned with the same pilot without
causing pilot contamination. Inspired by this, one may image that if the overlapping beams
among users can be controlled by user and/or beam selection, pilot contamination can
be manually mitigated even if users have overlapping spectrum. This motivates the ACS

strategy.

3.3.1 Active Channel Sparsification

For user/beam selection, two sets of binary variables are introduced {z,,})_; and {yl}f\; 9

as designing parameters to control the activity of beams and users, respectively, as follows

(3.22)

1, virtual beam m is selected,
Ty = )
0, otherwise.
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1, wuser 7 is selected,
Yi = (3.23)

0, otherwise.

where m = (a — 1)M, + b is the index of the virtual beam corresponding to the antenna at
the a-th column and b-th row in the UPA setting.

As in (3.10), the channel vector can be asymptotically represented by a linear combina-
tion of 2D-DFT beams, so that channel estimation is to figure out the coefficients of the
linear combination. To avoid pilot contamination, a subset of users is selected to reuse
the same pilot, whilst it may not be necessary to estimate all coefficients of the linear

combination.

Channel Estimation

With beam selection enabled, an effective channel covariance matrix is constructed for user

1, which can be represented by

RiON/OFF = TmUmon R;. (3.24)

1

HNE

When z,, = 1 for all m € [M], RON/OFE

(2

reduces to the original R;, where “ON/OFF”
indicates the beam and user selection through the binary variables {z,,}}_, and {yz}f\i oy
Such a covariance matrix can be interpreted as the projection of the original covariance

matrix R; onto the subspace spanned by the set of selected beams {v,, : x,, = 1}%:1.

When M., M, — o, RZQN/ OFF can be further represented in the following way
lim ROVO™ _ FXF'R,FF" = F(XA;)F" (3.25)
My, My—00
M
= Z i L Om Uy, (3.26)
m=1

where \;,, is the m-th diagonal element of A; defined in Theorem 1 for user i, and
X = diag(zy,...,xp). It looks as if some virtual beams are selected to asymptotically
represent the channel covariance matrices.

- ON/OFF

Plugging (3.24) into (3.11), the channel estimate h; of user i is obtained by beam
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selection,
Ny -1
h?N/OFF _ R?N/OFF (O_QIM n Z ij;)N/OFF> v, (3.27)
j=1
which asymptotically approaches izgg/ OFF a5 M, M, — o0, defined as
ON/OFF ul i@
h; = O VU Y (3.28)
. n"LE:l ZjV:UI NjmYjm + 02 "
M Wi Ni.m T
— Z 7L, Vi, (3.29)

Ny
me1 201 NjmYTm + 02

with wy, = v}, y. It looks as if the channel estimator is a linear combination of the selected

beams in an asymptotic sense.

Thus, the asymptotic MSE of channel estimation with beam selection can be given by
4,00

- % i (1 - = M ) . (3.31)
—1 Zj:l

m /\jmyjmm + o2

MSECN O — E {Hhim ~ RO OFFH2} (3.30)

Note that if no user or beam selection is applied, i.e., z, = y; = 1 for all m € [M] and
J € [Ny], then (3.31) boils down to (3.19).

Data Transmission

For simplicity, the zero-forcing (ZF) beamforming is adopted at the base station, which is

designed based on uplink channel estimates, that is,
WO e RERNOTY o MRS sy = 1,5 4 1, (332)

where R(-) and N (-) are the range and null space of the subspace spanned by the vectors,

respectively.

As My, M, — oo, the ZF beamforming vector asymptotically lies in the subspace
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spanned by the unselected and the unoccupied beams, i.e.,

ON/OFF
%,00

€ span{v,, : m € S}, (3.33)

where § = {m : £ Aim > 0 and yjA;, = 0,V) # i}. Note that A, > 0 ensures that
beam m is active (x,, = 1) to represent user i’s channel where the corresponding component
of vy, has nontrivial contribution (\;, > 0) to the channel representation. In addition,
YyjXjm = 0,% # j guarantees that, if user j is active (y; = 1), then it should not cause
interference at beam m through A;,,; otherwise it should be inactive (y; = 0). Thus, the

asymptotic signal to interference plus noise ratio (SINR) is given by

M
. Zmzl )\i,mxm
’.Y’L‘,OO - ]‘}lm M 2
- Zj;éi Zm:l yj)\j,ml'm +o

=0, (3.34)
and therefore the corresponding asymptotic rate can be written as R; oo = log(1 + 74,00).

3.4 Joint User and Beam Selection

The aforementioned asymptotic analysis demonstrates that beam and user selection have
an effect on the quality of channel estimation and uplink data rate. Moreover, the sum
rate considers the multiplexing gain as well, which leads to remaining more activated users
simultaneously. The MSE tends to close users and remain beams, which is opposite with
the sum rate. Thus, in order to strike a balance between maximization of the sum rate and
minimization of the MSE, the objective of joint channel estimation and data detection can
be formulated as the following multi-objective optimization problem:

Ny Ny

max Z YiRi o0, min Z yiMSEgg/OFF, (3.35)

i=1 1=1
where the asymptotic quantities are used as the objective functions to guide joint beam
and user selection. The performance will be verified by simulation in practical scenarios.

This multi-objective optimization problem can be divided into two sub-problems, so that

the tradeoff between two criteria can be made by the following alternating optimization [30]

N
max ZZ=U1 yiRi,oo

3.36
st. g MSEON/OFF (3.36)

P1) :
7) ONIOFF < P, Vie [Ny]
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. N, ON/OFF

(732) . .
s.t. qu,oo = yzQu VZ € [NU]

where P; is the maximum MSE that the ¢-th user should not exceed if selected to guarantee
certain channel estimation accuracy, @; is the minimum rate that the i-th user should
surpass if selected to guarantee certain quality of service (QoS). Note that if user i is not
selected, i.e., y; = 0, then the MSE and rate constraints are automatically satisfied.

In Section 3.4.4, an alternating projection method is employed to jointly optimize (P;)
and (P3) without relying too much on the threshold parameters {P@}f\i Y and {Ql}f\i Y.

3.4.1 Bipartite Graph Representation

To better illustrate the use of ACS for joint user and beam selection, the users’ channels are
represented with respect to beams in a bipartite graph G. Let G = (B,U, £) be a bipartite
graph, with beams b € B on one side and users u € U on the other side. Let us introduce
another set of binary variables such that a;,, = 1 if \;,, > ¢ and 0 otherwise, where a
small value of ); ;,, indicates the negligible contribution of the beam m to the i-th user’s
channel, and § is a tunable parameter with § = 0 for asymptotic case and a properly chosen
positive value to adapt the scenarios with a finite number of antennas. Therefore, a beam
by, and a user u; are connected with an edge (by,,u;) € € if a;m = 1.

According to the asymptotic channel representation (3.10), for the user u;, the channel

can be approximately represented as

hix > WimOm, (3.38)
bmeN (b)

where w; , = Mhm and NV (b) = {bp, € B : ajm = 1}. Such an approximate channel
representation captures the strong beams when J; ,,, is greater than a certain threshold 9.
Let us explain the impact of beam and user selection on channel estimation and uplink
data transmission. It can be observed in Fig. 3.2 that all users suffer from severe pilot
contamination caused by beam overlapping. Basically, four users should be assigned different
orthogonal pilots because of the overlapped beam between any two users. Nevertheless,
if the beam b5 and users uo and uz are actively switched off, then the partial channel
representations of users 1 and 4 are not overlapping any more, for which the assignment of

the same pilot would not cause pilot contamination. Note here that the original channels
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by b, b3 by o b)M—Z by-1 bum by b, by by e by-2 by-1 by

Edge ()\é1,1

ON/OFF beam and user selection

Users (U)
Uy U, uz v uy

—— Active edge/user/beam

Uy Uz Uz -+ Upny
Inactive edge/user/beam

U

Overlapped edge/user/beam

Figure 3.2: Weighted bipartite graph representations, where the weight on edges e, ; denotes the
coefficient of the linear combination. The figure on the left shows the severe overlapping virtual
beams among users, and the one on the right illustrates the non-overlapping virtual beams when
ON/OFF user and beam selection is applied.

h, and h,4 are partially represented by beams without b5. This will not result in issues as
long as the partial channel estimation is sufficient to achieve acceptable uplink transmission
rate. Therefore, the maximization of uplink transmission rate with beam and user selection
will also come to play. Given a proper beam and user selection strategy, only partial
channel has been estimated, built on which the receiver combiners are designed. From the
uplink data rate viewpoint, it is prone to more users and possibly fewer beams to remove
overlap, while for channel estimation, fewer users with possibly more beams are preferred
to reach less pilot contamination and thus higher estimation accuracy. To this end, the

joint optimization problem aims to strike a good balance between them.

3.4.2 Sum Rate Maximization (P;)

We first focus on the rate maximization problem (P;) in the infinite number of antenna
regime, hoping that the obtained solution could shed light on the practical scenarios.

Noting that the direct maximization of (P;) is too complicated, especially when taking
user scheduling into account, a revised version of rate maximization is proposed. That is,
the rate maximization is split into two parts: one is the multiplexing gain (i.e., the pre-log
of the rate expression) maximization and the other one is the SINR constraint. In doing so,
users will be selected as many as possible to improve the multiplexing gain, whereas the
selected users should satisfy the minimum QoS requirement.

Inspired by the treatment in [28], where the sum rate maximization problem is al-
ternatively done by optimizing the multiplexing gain, (P;) is transformed into a more

tractable problem. As proven in [28], the maximum multiplexing gain is equal to the rank
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of the effective channel, which can be obtained by a reformulated maximum cardinality
matching problem with the bipartite graph representation. We point out that the maximum
matching is not on the original bipartite graph, but rather on a subgraph with user and
beam selection. Let G’ = (B',U’,£’) be the selected subgraph of G = (B,U, &) with B’ < B,
U cU,and & C €£.

As such, the optimization problem (P;) can be approximately represented as follows:

(P}): max |M(B,U) (3.39a)
st. MSENO™ <P, Vel (3.39D)
Yigo = Ti,  Vu el (3.39¢)

where |M(B',U)| is the maximum cardinality bipartite matching number of the selected
subgraph G’ = (B',U’,£’), and the constraints guarantee that the selected users have
reasonable SINR for uplink transmission and acceptable MSE for uplink channel estimation.
Note that in addition to the objective function considered in [28], the SINR and MSE
constraints are imposed to ensure that the resulting user and beam selection has a reasonable
performance guarantee at finite SNR. While the objective function can be similarly translated
as those in [28], the constraints (3.39b)-(3.39¢) call for different treatment. For ease of
presentation, a binary matrix is introduced A = (a;,,) € {0, 1}Y0*M 'which is the adjacency
matrix [37] of the M x Ny bipartite graph G.

Theorem 3. The optimization problem (P}) can be transformed to a mized integer linear
program (MILP), whose solution is feasible for (P;), as follows

M Ny

(P): |, max 3 > zim (3.40a)
mYLEm T i
Ny
st @m < D [Alim¥i, Vb € B, (3.40D)
=1

[A]i mTm, Yu; €U, (3.40¢)
1

zim < [Alim, Yu; €U, by € B, (3.40d)

Yi <

P M=

Ny
Z Zim < Tm, Vb € B, (3.40e)
i=1
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M
D zim <wi, ViU, (3.40f)
m=1
Ny
(1 - Tth) Z yj)\j,m < -Tm)\i,m + Cl(l - Jf'm) + 02(1 - yi)a
j=1
Vu; €U, by, € B, (3.40g)
M M
YiT Z /\i,m < Z )\i,mxm, Yu;, €U, (340}1)
m=1 m=1
Ny
D Yidim < TmTl, Vb € B, (3.401)
i=1
Tm,Yyi € {0,1}, Yu; €U, by, € B, (3.40j)
zim € [0,1], Vu; €U, by, € B, (3.40k)

where the objective function (3.40a) is translated from the mazimum cardinality bipartite
matching number in (3.39a) with z; ,m = 1 indicating the edge (ui, by,) is in the edge set of
the mazimum matching, and 0 otherwise; the constraints (3.40b) and (3.40¢) ensure that,
if a beam is selected (i.e., Ty, = 1), there should be a user to occupy it, and vice versa; the
constraints (3.40d), (3.40e), (3.40f) are to guarantee the edges {(u;,bm) : zim = 1} in the
selected subgraph G' = (B',U',E") form a maximum cardinality matching; the constraint
(3.40g) is translated from (3.39b) where 7y, € [0, 1] satisfying Ty, Z%:l Xim = Pi; and the
constraints (3.40h) and (3.401) come from (3.39¢).

Proof. See Appendix 3.7.2. O

Remark 2. The hyper-parameters 70} and 7,7 € [0, 1] are designing parameters, and
c1, c2 are sufficiently large constants. In particular, Tyn, T € [0, 1] are to control the mazimum
MSE (3.40g) and the minimum SINR to guarantee basic QoS, respectively. Note in both
(3.40h) and (3.401) that a selected beam-user pair prefers that its power is greater than a
certain level of the sum interference seen by the beam. The difference should be attributed
to the thresholds T and T,. Note also that z; ., is relazed from {0,1} to [0,1] to reduce
computational complexity. Such a relazation does not change the solution to {z;m}, because
with binary-valued x,, and y;, the polyhedral property of the feasible solution region guarantees
that z; y, should be either 0 or 1, so that there is no need to explicitly force z; ,, to be binary-

valued. This property has been proved in [25]. The solution to P} is also feasible to P
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because the constraints in the former are contracted versions of the latter.

3.4.3 MSE Minimization (Ps)

When our main aim is channel estimation accuracy, (Pz2) is reformulated as another

optimization problem as follows:

Ny
(P): min Y MSEJNOFF (3.41a)
i=1
St Yoo = Iy, Vu;e U/, (3.41b)
MB U =UY (3.41c)

where instead of imposing the minimum rate constraint, the multiplexing gain and individual

SINR are imposed separately. This makes the constraint more tractable.

Theorem 4. The optimization problem (Ph) can be transformed to an MILP, whose solution
is feasible for (Ph), as follows

M Ny
AW o . . .
(P5): , min ma ; (yiNigm + tim) (3.42a)
M M
s.t. YT Z Aigm < 2 Nim@m, Yu; €U, (3.42D)
m=1 m=1
Ny
D Uidim < @m7', Vb € B, (3.42¢)
i=1
Z yj)\@m)\j,m < )\i,m +tim + Cg(l — xm) + 04(1 — yi),Vui eU, b, € B, (3.42(1)
J#
Ny
DMui=Ul, (3.42¢)
i=1
Tm,yi € {0,1}, Vb, €B, u; €U, (3.42f)
tim < 0, Vbn,eB, u;eld, (3.42g)

where the objective function (3.42a) and the constraint (3.42d) are translated from (3.41a);
the constraints (3.42b) and (3.42¢) are from the SINR constraint (3.41b); the constraint

(3.42¢) comes from (3.41¢) to specify the minimum number of active users.
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Proof. See Appendix 3.7.3. O

Remark 3. The hyper-parameters UN, 7, and 7 € [0,1] are designing parameters, and
c3,cq are sufficiently large constants. The constraint (3.42c) (see also (3.401) in Py ) is
to control the interference-to-noise ratio (INR), and our aim is to keep INR as small as
possible. To this end, it is should ensure that, given that user i is selected (i.e., y; = 1), if
beam m is also selected (i.e., v, = 1), other users j # i with significant \; are better to be
unselected so that the interference from these users to user i on beam m is under certain
level. 7' = max,{\im,i € [Ny} is defined to select the largest p values, and consequently,
it is only need to give a reasonable value of the integer p rather than an exact threshold to
restrict the INR. The solution to Py is also feasible to P4 because the constraints in the

former are contracted versions of the latter.

3.4.4 Joint Optimization via Alternating Projection

It has been shown that the original multi-objective optimization problem (3.35) can be
divided into two sub-problems, so that each sub-problem can be reformulated as an MILP
and solved separately, as shown in Sections 3.4.2 and 3.4.3. Nevertheless, for each sub-
problem we imposed some fine-tuning parameters to make the problem tractable, which
may impact the overall performance of problems (3.40) and (3.42) in a less controllable
way. A closer look at two optimization problems reveals that the parameter 7¢, in (3.40)
reflects the MSE level, which is exactly the objective in (3.42), and similarly U in (3.42)
specifies the minimum multiplexing gain, which is the objective of (3.40). As such, one may
think to connect two optimization problems, so that the optimized objective function of
one problem serves as the designing parameter in the other one. Therefore, Algorithm 1 is
came up with to make the alternating projection between two sub-problems. In particular,
Algorithm 1 takes the inputs of the bipartite graph representation constructed with a
given threshold §, and its adjacency matrix A. Algorithm 1 starts with the initialization
of user and beam selection parameters  and y, which are all inactive at the beginning.

“while” loop that solves two sub-problems P{ and Pj in an

The main procedure is the
iterative manner. In the iteration ¢, the sub-problem P7 is first solved with an updated
hyper-parameter Ttth. The solution of ! and y’ is then updated and used to compute the
number of active users U¥ for Pj. Then the solution to Py updates z' and y’, and the
minimized objective updates MSE’ for the next iteration. The iteration terminates when it

exceeds the maximum number t,,,y, or the alternating projection converges such that the
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Algorithm 1 Alternating projection

1: Input: Bipartite graph representation G constructed with a given 4, its adjacency
matrix A, the maximum number of iterations tax, and hyper-parameters 7 and 7"
Initialization: FLAG = 1, MSE® = 0, 2° = 2’° = ({z,,}M_) = 0, 9" = ({yl}f\;Ul) =0
while FLAG do

t—t+1

Update 7/} according to MSE!~!

Update y' as the solution of {y;} in P, i.e., (3.40)

Update x' as the solution of {z,,} in P7, i.e., (3.40)

Assign UN « SN0t in PY e, (3.42)

Update MSE! as the objective of PY, i.e., (3.42)

Update &' as the solution of {z,,} in P4, ie., (3.42)

if ' = 2’ or t > tax then

FLAG =0

13: end if
14: end while
15: Output: z!, y¢

I
N = O

solution ! does not change over iteration ¢. Thus, ! and y* at this point will be the final
solution.

The complexity of Algorithm 1 involves both that of the alternating projection between
two MILPs and that of solving MILPs. For the alternating projection, it only takes a
few iterations before it converges. For solving the MILPs, the complexity depends on
the implementations of the solvers, e.g., branch-and-bound. While MILPs are in general
NP-hard problems, using the MATLAB function “intlinprog”, it takes a few seconds on
a desktop PC. It is challenging to theoretically analyze the complexity of the MILPs
because of their combinatorial nature. Fortunately, Algorithm 1 is not required to compute
frequently in practice. It is because G is constructed from the second-order statistics, i.e.,
the channel covariance matrices, which vary much slower than the instantaneous channels in
low-to-moderate mobility scenarios. As such, the convergence performance of the algorithm

will be evaluated instead by simulations in Section 3.5.

3.5 Numerical Results

This section details the numerical results for the evaluation of the approaches proposed in

Section 3.4 in practical massive MIMO communication scenarios.
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3.5.1 Simulation Scenario

A single cell is considered with Ny = 20 randomly located single-antenna users. The
channel via each scatterer is composited of 20 paths, within AS of ;. The base station
is equipped with M = 128 antennas, and these antennas are arranged with two different
configurations: a rectangular 16 x 8 UPA and a 128 x 1 ULA. In all simulation results,
the channel covariance matrix is estimated using 1000 uplink channel realizations. To
capture the strong user-beam association, a bipartite graph is constructed with a threshold
parameter § = 4.°

In this section, the proposed on-off beam and user selection method are evaluated using
two performance metrics, i.e., the achievable sum rate and the normalized MSE (NMSE)
per selected user in the cell. The achievable sum rate is averaged over the instantaneous
sum rate of 1000 channel realizations, and the average NMSE per user is defined as

1S lhi = bl

NMSE = v

, (3.43)
Y% = AR

where the average is over the active users. Note that the sum rate performance is determined
by both channel estimation accuracy (i.e., NMSE per user) and the number of activated
users. Unless otherwise explicitly specified, for each separate optimization problem, the
following parameters are chosen: the MSE threshold g, = 0.2, SINR threshold 7 = 0.7,
p = 3, and the minimum number of users to be selected UY = 5.

For channel estimation and beamformer design, the insights are taken into account
obtained from asymptotic analysis, in addition to those for finite antenna cases. Table 3.1
summarizes various schemes using different channel estimation and beamforming design. In
this table, the ON-OFF methods are based on our proposed joint user and beam selection.
To evaluate how asymptotic results apply to the practical settings with a finite number of

£ ON/OFF

antennas, this section also includes the asymptotic channel estimate h, and precoding

2This hyper-parameter § determines the density of the bipartite graph representation. A larger § gives
us a sparser bipartite graph for the MILP problems — it offers more freedom for beam/user selection, while
the residual interference (i.e., those edges with weight smaller than 0 are not considered in MILPs) is not
under control. In contrast, a smaller § gives us a denser bipartite graph, which takes into account more
edges in the graph, but it may result in restrictive solutions to MILPs and therefore non-ideal beam /user
selection. In general, it is a challenging task to find the optimal value of the threshold ¢ that achieves the
best performance in a principled way. Instead, the threshold § is chosen based on the proportion of the sum
edge-weights in the bipartite graph. In the simulation, choosing § = 4, the bipartite graph representation
captures 80% total weights of all edges.
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Table 3.1: Uplink channel estimation and receive beamformer design

Channel Estimation | Beamforming
MMSE hi-vIMSE w;
k—meanso h%{—means w%{—means
k—meansw h%{—means w%(—means
ON-OFFy i"iON OFF W N/OFF
ON-OFF, , RON/OFF wp O
ON-OFF g h Ot w N/OFF
ON-OFF. ., RON/OFF w0

ON/O

vector w, F for comparison. The subscripts with co of ON-OFF indicate an asymptotic

estimator or beamformer is employed. For the sake of comparison, the MMSE algorithm
are also considered with all users and beams are selected as well as a user selection scheme
with k-means clustering.

For channel estimation, hMMSE H?N/OFF, and izgg/OFF are defined in (3.11), (3.27),
and (3.28) respectively, whereas fzﬁ"means is defined similarly to (3.11) with the only difference

that only the selected users from different k-means clusters are taken into account instead
o . . ON/OFF ON/OFF
of the all Ny users. Similarly, for beamforming design, w;, and w, are defined

in (3.32) and (3.33), respectively. For the combiners used for MMSE schemes, w; can be
ON/OFF
i

by activating users selected from k-means clustering.

obtained from w by letting all users be active. Similarly, w5 ™ can be obtained

(2

Both k-meansy and k-means,, follow the standard k-means clustering algorithm, where
the goal is to divide data points into clusters so that the similar data points are grouped in
a cluster with a common centroid. The objective function is the minimization of the sum of
Euclidean distance between each data point and its associated centroid. In our setting, users
are firstly clustered using k-means according to their covariance matrices, and only one user
is selected from one cluster for simultaneous transmission. The difference between k-meansg
and k-meansy, lies in the distinct data considered for clustering, and therefore distinct
similarity measure and centroid generation strategies [15,88]. In particular, for k-meansy,
the dominant eigenspaces and its chordal distance are applied as data points and similarity
measure, respectively, as did in JSDM for user grouping in FDD massive MIMO [16].
In contrast to the k-meansy scheme, k-meansy, takes advantage of channels’ asymptotic

representation as suggested in Theorem 1. In particular, as the user i’s covariance matrix
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Table 3.2: The settings of simulations

Antenna Configurations
16 x 8 128 x 1
(3.40) Sum Rate | Fig. 3.3 Fig. 3.4
(3.40) NMSE | Fig. 3.5 | Fig. 3.6
(3.42) Sum Rate | Fig. 3.7 Fig. 3.8
(3.42) NMSE | Fig. 3.9 | Fig. 3.10

Objectives | Metrics

R; can be diagonalized by 2D-DFT matrix into a diagonal matrix A;, the reshaped vector
from diag(A;) is used as the data point for the k-means clustering.

For the k-means clustering based user selection algorithms, i.e., k-meansy and k-means,,
the number of clusters is required to be known a prior. Instead of finding the number
of clusters directly using e.g., [38], the number of active users from optimizing (3.40)
is served as the number of clusters. The performance of clustering algorithms highly
relies on initialization. To rectify this, several times of experiments are run with different

initializations and finally choose the best performance of k-means for comparison.

3.5.2 Simulation Results and Analysis

We first consider two objectives of sum rate maximization as in Theorem 3, and MSE
minimization as in Theorem 4 separately, followed by the joint optimization via alternating
projection as in Algorithm 1. Table 3.2 summarizes the settings of the following figures

corresponding to different objectives and performance metrics.

Sum Rate Maximization

In Figures 3.3-3.6, the sum rate and the NMSE performance versus SNR are shown for the
uplink data transmission and channel estimation, respectively, with respect to 16 x 8 UPA
and 128 x 1 ULA antenna configurations. For our proposed ON-OFF schemes, the joint
beam and user selection results from (3.40) in Theorem 3, in which the objective is the
sum rate maximization. Note that the estimated channels of ON-OFF( o and ON-OFF
are iLiON/OFF and ﬂgg/OFF, which are identical to that of ON-OFFg o, and ON-OFF o,
respectively, so only one of them in figures are kept.

It is shown in Fig. 3.3 and Fig. 3.4 that our proposed ON-OFF method ON-OFF g

outperforms MMSE and k-means clustering algorithms in both sum rate and NMSE
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performance, thanks to the effective joint beam and user selection. In Fig. 3.3, the
MMSE and the asymptotic versions of ON-OFF schemes, i.e., ON-OFFg o, ON-OFFy o
and ON-OFF o, suffer from sum rate saturation in the high SNR regime. For the MMSE
scheme, because all users are active, the multiuser interference is severe due to high channel
correlation among users, so that both sum rate and NMSE performance do not decrease as
SNR increases. This confirms that user selection is crucial for a massive MIMO system
with a large number (e.g., 20) of users. The sum rate saturation of those ON-OFF methods
is due to the fact that the asymptotic treatment of channel estimation and precoding with
finite antennas leaves too much interference so that the system is interference-limited. The
sum rate performance of ON-OFF( o, and ON-OFF o is worse than those of ON-OFF
and ON-OFF o, which reveals that the asymptotic treatment with interference ignored
deteriorates more on precoding than channel estimation. This demonstrates that the
asymptotic results should be refined to adapt the practical scenarios.

For clustering algorithms, both sum rate and NMSE performance of k-meansy is better
than that of k-meansy,, due to the inaccuracy of asymptotic representation under the finite
number of both column and row antennas. It appears the sum rate of k-means is even
worse than that of MMSE in the low and moderate SNR regimes - it is probably because
the high channel correlation makes the number of users that can be selected quite limited.
In contrast, our proposed method has better performance than that of MMSE with the
same number of activated users. There are two limitations of the k-means-type algorithms.
On one hand, k-means algorithms rely critically on the initialization of centroids - a worse
initialization leads to inferior results. On the other hand, k-means algorithms minimize
the distance of the data points within the cluster, ignoring the distance between clusters,
which may result in overlapping user selection if clusters are not clearly separable.

Fig. 3.5 and Fig. 3.6 present the similar results as Fig. 3.3 and Fig. 3.4, but a
128 x 1 ULA antenna configuration is considered. The observations are similar to those
of Fig. 3.3 and Fig. 3.4, which confirms that our proposed methods are valid for both
the UPA and ULA settings. In contrast, the asymptotic versions of the ON-OFF scheme
gain certain improvement. In particular, compared with Fig. 3.4, the ON-OFF scheme
with asymptotic channel estimation, i.e., ON-OFF o, has improved sum rate performance,
which outperforms that of MMSE and k-means-like algorithms. The reason is that, as
squeezing the UPA to a ULA with the same number of antennas, the asymptotic channel
representation becomes more accurate, so that asymptotic channel estimation still works in

a non-asymptotic setting.
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MSE Minimization

Figures 3.7-3.10 illustrate the sum rate and NMSE performance versus SNR, in the same
setting as those in Figures 3.3-3.6. The difference is that the joint beam and user selection
comes from the optimization problem (3.42), where the main target is MSE minimization.
Remarkably, with proper chosen threshold parameters, the sum rate and NMSE performance
using the joint beam and user selection from (3.42) is comparable with that using (3.40)
both for UPA and ULA antenna configurations. It is worth noting that, when serving the
same number of users, UPA (Figures 3.3 and 3.7) has a better sum rate performance than
ULA (Figures 3.5 and 3.9). It is possibly because there are too many activated users in
ULA (Figures 3.5 and 3.9) that lead to certain overlapping among users. It demonstrates
that the UPA antenna could be able to serve more users than ULA, which also is one of

the advantages of the UPA system.

In order to avoid relying too much on threshold parameters, an alternating projection
algorithm is proposed in Section 3.4.4 to solve the sum rate maximization problem (3.40)

and the MSE minimization problem (3.42) in an iterative manner.
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Alternating Projection

Fig. 3.11 presents the instantaneous sum rate versus NMSE performance obtained from
Algorithm 1 with SNR = 20 dB and 16 x 8 UPA antennas. Each point is a pair of
instantaneous sum rate and NMSE for a channel realization. The joint beam and user
selection comes from the solutions to (3.40) and (3.42). We adopt the SINR threshold
7 = 0.7 to ensure a feasible solution that could be found by both (3.40) and (3.42). The
instantaneous sum rate and MSE are calculated by using our proposed scheme ON-OFF .
The alternating projection algorithm is able to converge within a few iterations (3 iterations
in Fig. 3.11). The MSE threshold 7}, is 0.95 as the initialization, which means the MSE
constraint (3.40g) is relaxed, so that the optimization is prone to sum rate maximization.
As observed from Fig. 3.11, almost all the (rate, NMSE) pairs from the last iteration of
alternating projection concentrate on a small area, which yields a reasonably good average
sum rate and NMSE (marked as stars). It shows that the average sum rate performance
obtained from alternating projection in Fig. 3.11 is much better than that of the separate
rate or MSE optimization as in Fig. 3.3, Fig. 3.4, Fig. 3.7 and Fig. 3.8 obtained from
(3.40) or (3.42). This demonstrates that the alternating projection algorithm is capable
to adjust the parameters 7, and UY automatically so as to lead optimization towards
higher sum rate performance. With respect to the selected users, the first iteration has 14
users selected, but this number is decreased to 7 in the last iteration after the alternating
projection algorithm. This is also in contrast to the number of selected users in Fig. 3.3,
Fig. 3.4, Fig. 3.7 and Fig. 3.8, where only 5 users are selected. In addition, such an
alternating algorithm does not require to initialize the number of activated users, which is

one of the critical initial conditions for k-means algorithms.

3.6 Conclusion

In this chapter, the joint uplink channel estimation and data transmission are considered
in the overloaded multiuser uplink massive MIMO network with UPA antennas at the
base station. To mitigate channel spatial correlation due to the collocation of antenna
elements and users, this chapter adopted the recently proposed ACS concept and developed
an effective joint beam and user selection method to artificially sparsify the effective
users’ channels. In particular, this chapter first leveraged the doubly Toeplitz structure of

channel covariance matrices when UPA is deployed, and approximately represented users’
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channels by common basis vectors coming from the 2D-DFT matrix. By such approximate
representation, a joint beam and user selection method via ACS was proposed to reduce the
spatial correlation among the selected users. By a weighted bipartite graph representation
of user-beam association, the joint beam and user selection problem was translated into
MILPs, which can be solved in a more tractable way. The alternating projection between
two MILPs yields better performance than each of them with automatic hyper-parameter
fine-tuning. This is another evidence showing the powerfulness of the ACS concept in
massive MIMO systems beyond the use for downlink channel reconstruction in FDD mode.
It is expected this concept has more application scenarios to deal with spatial correlation
in both TDD and FDD massive MIMO systems.

3.7 Appendix

3.7.1 Proof of Theorem 1

We first show that R is a doubly Toeplitz matrix. For notational convenience, define
Q={0,0):0e A ¢ec B}. (3.44)
Given the channel vector h in (3.1), the covariance matrix R = E{hh"} can be written as
R- EL B(0.0)8" (0. alb.0)a" (¢ dbdgad i (3.45)
5 L a(6, 6)a"(6, §)d6do, (3.46)
due to the fact that 3(0,¢) is i.i.d. across paths, i.e.,

B, (97 ¢) = (9,7¢,)

] (3.47)
0, otherwise

E{B(0,0)8* (0, &)} = {
Plugging (3.2) into (3.46), we have

R=3 fﬂ a, (0, 6)a’’ (6, 6) ® a. (0, $)a''(0, 6)dodo (3.48)
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By B,
— 5J c | dede. (3.49)
Q

By,i o+ Buaym,

where each block B, can be written as

qu = [C"y(97 (b)a’gH/ (9, ¢)]pq A(ev ¢) (350)
_ e]f—;’;dy(pfq)sinqﬁsin914(97qb)7 (351)

with
[A(0,0)); = [az(0,6))i[a}(8, 9)]; = Aw = smocost, (3.52)

It can be easily verified that [A(6, ¢)];; only depends on ¢ — j, by which it is deemed as a
Toeplitz matrix. Moreover, A(f, ¢) is a Hermitian matrix as A(6,¢) = A"(0, ¢). Similarly,
B,,, only depends on p — ¢ and thus R is a Toeplitz matrix with Toeplitz blocks, which is

referred to as a doubly Toeplitz matrix. Further, R is a Hermitian matrix, as R = R".

In (3.49), as the integral is element-wise operation, which does not change the Toeplitz
structure of the matrix, so that R is still a Hermitian doubly Toeplitz matrix. That is, R
has M, x M, blocks with Toeplitz structure and each M, x M, block is a Toeplitz matrix.

According to [70] and [71], the Hermitian doubly Toeplitz matrix R is asymptotically
equivalent to the corresponding doubly circulant matrix C', which can be decomposed by
2D-DFT matrix, i.e.,

C = (Fu, ® Fir, ) A(Fu, ® For, )" (3.53)
My Mac

= 30> @ 6 (o @ ) (Fa @ 01)", (3.54)
a=1b=1

where f, and g, are the a-th and b-th columns of DFT matrices Fy, and Fyy, , respectively.
The scalar-valued function x(w, () is referred to the generating function of the doubly block

Toeplitz matrix R and the doubly block circulant matrix C), i.e.,

X(wv C) = ZZTM,VGﬂW(“erVO, (355)
uwov
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with p e [-My, My],v € [-M,, M,], where

™

Ty = 6J f ¢ h (devtdyp) sindsinb gg g (3.56)
BJA

is the v-th element of the p-th block matrix of R. For (wg, () = (g;/[i, 5’]\711 ), X(wq, () is
the uniform sampling of the continuous and periodic function x(w, (), and it can be seen as
the eigenvalues of R when M,, M, — . Nevertheless, in practical UPA system with a
finite number of antennas, R is not perfectly diagonalizable by 2D-DFT matrices. That is,
A is not a diagonal matrix any more. As such, x(wq, (p) is used as an approximation of the

eigenvalues of R.

3.7.2 Proof of Theorem 3

For the objective function, follow the footsteps in [28] and introduce a set of binary variables
Zim € [0, 1].

max > > Zim (3.57a)

Tm,YisZi,m

bmeB u; €U
st. om < Y [Alimyi, Vbm € B, (3.57h)
uieu
i < O [AlimTm, Yuiel, (3.57c)
bm€B
Zim S [A]i,ma Yu; €U, by, € B, (3.57d)
Z Zim < T, Vb, € B, (3.57e)
u; eU
D1 zim <wi, Yuiel, (3.57f)
bmeB
Tm,Yi € {Oa 1}7 VU’L € Z/{, bm € Ba (357g)
zim € [0,1], Vu; €U, by, € B, (3.57h)

where (3.57b)-(3.57¢) ensure that, if a beam is selected, there should be a user to occupy
it, and vice versa, the objective function (3.57a) and the constraints (3.57d)-(3.57f) are
obtained by following the similar footsteps in [28] for which the edges {(ui, bm) : 2zim = 1}
in the selected subgraph G’ = (B',U’,£’) form a maximum cardinality matching.

To simplify the constraints in a form of inequalities, the original graph is considered
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G = (U,B,E) in lieu of the selected subgraph G = (U', B/, &) where x,,, = 1 and y; = 1 if
and only if u; € U" and b, € B'. Thus, from (3.39b), the constraint can be derived as

M
Ai;mTm
Yi Aim | 1 — : <P, VYu el. 3.58
Z ( Zé\f:ljl yjAj,mxm + Uz) ( )

Accordingly, if beam m has a significant contribution to the channel representation in
the beam domain, it is better to be selected so the corresponding MSE can be mitigated;
otherwise, the beam can not selected (i.e., x,, = 0). As such, instead of considering all
beams for each user jointly, each beam is investigated separately. To this end, an auxiliary
variable is introduced 7y, € [0, 1] such that 7y, Z%Zl Xim = Pi.

To make (3.58) more tractable, this chapter places our focus on the regime with high
SNR, where 02 — 0, in hope to gain insights that can guide the design in the practical
settings. As such, constraint (3.58) can be replaced by a simpler yet more restrictive

constraint as

i@

i (1 — NU”“") < 7w, Yu; €U, Vb, € B, (3.59)
2521 YiNim

where x,, in the denominator is dropped without loss of feasibility as it does not change

the inequality given z,, € {0,1}. This constraint is more restrictive in the sense that if this

one is satisfied, then (3.39b) is satisfied automatically. This guarantees a feasible solution
to (3.39).

By this constraint, the beams that contribute much to user-i’s effective channel repre-
sentation in the beam domain (i.e., with a large \;,,) are more likely selected, and this
constraint ensures that the MSE of estimating the component of user-i’s channel projected
onto beam-m is mitigated. The beams with little contribution (i.e., with a small A; ,,) can
be or not be selected. Nevertheless, in case a beam should be unselected for some reason, it

may also result in the non-selection of the users who relies very much on that.

A further manipulation transforms constraint (3.59) into the following form:

Ny

Ny
Ui Y YiNim — TmYidim < Ten D YiNjm, (3.60)
Jj=1 j=1
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which can be transformed further to

Ny

(1= 7in) D YiXjm < TmAign + €1(1 = zm) + c2(1 — 3), (3.61)
=

where the constants ¢; and cy are sufficiently large to make sure that if user ¢ or beam m is
not selected (i.e., y; = 0 or x,,, = 0) then this constraint is automatically satisfied.

As a matter of fact, (3.59) can be also rewritten as follows

NU NU
Yi Z YjAjmTm < Tih Z YjAj,mTm, (3.62)
j#i j=1

because y; = yf given that y; € {0, 1}. Intuitively, if both user ¢ and beam m are selected,
the other users can be also selected if the overall interference from j # i to beam m accounts
for a fraction (7¢y,) of the overall power seen at beam m including the power of the desired
signal from user 7. Further, with respect to the SINR constraint (3.39¢), it can be specified

as

Zm Ai,mxm
Zj;&i Yim YiNjmTm + 0

Plugging (3.62) into (3.63), eq. (3.63) can be transformed into a more restrictive one as

follows

M Ny

M
1 Ximm = yilio® + yTimn > D yidjmTm, (3.64)
m=1 m=1j=1

where the two terms on the right hand side (RHS) correspond to desired signal and upper
bounded interference power, respectively. We further split the above inequality into the

following two constraints

M
D Aim@m = yili (02 + k) (3.65)
m=1
M Ny
K= YiTth 2 Z y])\j7mxm7 (366)
m=1j=1

where I'; and x are SINR and INR thresholds, respectively.
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By letting k = 7 Y., 7', €q. (3.66) can replaced by a simpler yet more restrictive

constraint to ensure this condition, that is,

Z yz i,m me Vb, € B, (367)

where 7" = max,{\i m,i € [Ny]}.

To make it more tractable, a designing parameter 7 € [0, 1] is introduced such that
I'i+k= % Thus,

ME

YiT Z )\zm\

XimTm  Yu; €U. (3.68)

m=1

Collecting all inequalities above gives us the MILP formulation in Theorem 3.

3.7.3 Proof of Theorem 4

The optimization problem (P}) can be translated into a more concrete form as follows:

Ny M
i ,mIm
min i Aim —_— 3.69a
Tm,Yi Z Z 4 ’ ( ZNU )\] m) ( )

i=1m=1 j=1Yj
s.t. (3.4011) (3.401) (3.69D)

Z yi = UY, (3.69¢)
Tm,yi € {0,1}, Vb, €B, u;el (3.69d)

where a constraint is directly imposed that the number of active users is no less than a
predefined parameter U2Y for simplicity, because the multiplexing gain is mainly determined

by the number of users given Ny « M.

To simplify the quantities in the objective function, a set of auxiliary variables are

introduced {t; »}, so that (3.69a) can be rewritten as

min Z Z YiXiom + tim) (3.70a)

mmvylyzm.
i=1m=1
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NU 2 NU
T 2520 Yiki
- < Y i, Vb e B (3.70D)
ijl YjNjm i=1

tim <0, by e B, u;el. (3.70¢)

s.t.

Given the fact that

N Y
Y UiN (D YiNim)? = X s YiYiNimAjm

N, = N (371)
Zj:Ul YiNjm Zj:Ul YiAjm
Ny
> Y yidim = Y YiiNimAjms (3.72)
=1 1,J:0F#]

where the inequality is because of Zjszl yj\jm = 1 almost surely, the constraint (3.70b)

can be replaced by a more restrictive yet tractable one as below

Ny Ny
—Tm Z (yz)\z,m - Z yiyin,m)\j,m> < Z ti,m- (373)

i=1 Jij# i=1
By considering each user ¢ separately, this constraint is further restricted with a more

tractable one

_)\i,m + Z yj)\i,m)\j,m —tim éCg(l — ZL’m) + 64(1 — yi),Vui eU, b, €B, (3.74)

Jij#i
where c3, cq > 0 are sufficiently large constants to guarantee that the constraint is automat-
ically satisfied if the beam m or the user ¢ is not selected. Collecting all inequalities above

gives the MILP formulation in Theorem 4.



Chapter 4

Downlink Precoding for DP-UPA
FDD Massive MIMO via
Multi-Dimensional Active Channel

Sparsification

4.1 Introduction’

This chapter presents the second application, downlink precoder design in DP-UPA massive
MIMO system, of the proposing generalized ACS concept. As mentioned in Chapter 2, due
to the lack of channel reciprocity of uplink and downlink channel, the downlink channel
has to be re-estimated in FDD massive MIMO system. Owing to the high dimension of
the channel, the downlink channel feedback overhead becomes a challenge. To tackle this
problem, the reference [28] first propose the ACS to design the downlink channel precoder.
However, the ACS methodology is still facing some challenges in the potential deployment
in the practical massive MIMO systems.

Firstly, the common basis derivation of DP-UPA. DP-UPA antenna is commonly
used due to the space constraint at the base station, and the designed requirement of

industrial. However, the common beam space representation of ACS for DP-UPA cannot

1©[2022] IEEE. Reprinted, with permission, from [Han Yu, Xinping Yi, Giuseppe Caire, Downlink
Precoding for DP-UPA FDD Massive MIMO via Multi-Dimensional Active Channel Sparsification, IEEE
Transactions on Wireless Communications, 2022.02]
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be straightforwardly extended from that of ULA because the commonly used DFT matrices
do not sufficiently lead to a sparse common beam space representation for DP-UPA.
Secondly, the bipartite graph representation and fomulation of ACS for DP-UPA cannot
be straightforwardly extended from ULA/UPA. It is because the structures of channel
covariance matrices (CCMs) and the ASFs for ULA and DP-UPA are different, where
the latter should represent the angular power density in both horizontal and vertical
polarizations as well as their cross polarization, as indicated by a 2 x 2 matrix-valued
function in the previous work [73]. A new bipartite graph representation to capture such dual
polarization is needed for DP-UPA. Finally, the original ACS approach should be improved
to meet practical requirements, e.g., (i) to emphasize more on sum rate maximization and
interference control rather than the high SNR performance indicator multiplexing gains;
and (ii) to explicitly take user selection into account to deal with the over-loaded systems.
In addition, although the state-of-the-art ACS implementation [28, 73] using the MILP
formulation is elegant in theory, its computational complexity that scales as the number of
antennas and users should be substantially reduced for practical use.

To figure out a good common beam space for DP-UPA, this chapter resorts back to
Toeplitz matrix theory, knowing that the DFT matrices as common beam bases are owing
to the fact that CCMs for ULA are Toeplitz and that for large dimensions Toeplitz matrices
are equivalent to circulant matrices that have DFT eigenvectors [15]. Inspecting the Toeplitz
structures of CCMs, a new set of common basis vectors is discovered to sparsely represent
all users’ channels simultaneously in the common beam space for DP-UPA. Given such
representation, the ASF for DP-UPA becomes matriz-valued, in contrast to its counterpart
for ULA, which is scalar-valued. As such, a matrix-weight bipartite graph representation
is constructed with the matrix-weights representing the spectra of the angular spread
function. Building upon the new graph representation, a MD-ACS approach is proposed
that extends and strengthens the original ACS from ULA to DP-UPA. In the MD-ACS, it
explicitly takes user selection, sum rate maximization, and interference control into account,
and reformulates it as a new nonlinear integer program, which a low-complexity greedy
algorithm is proposed to solve it efficiently.

Specifically, the contributions in this chapter are summarized as follows.

e By some elaborate row/column permutations, the CCM for DP-UPA antenna is
transformed into a doubly block Toeplitz matrix, and figure out the common basis

vectors (a.k.a. virtual block beams) to represent channel vectors in the angular domain.
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By leveraging Toeplitz matrix theory, the spectral properties are characterized by
investigating their matrix-valued spectral density function (a.k.a. the angular spread
function [28,73]). It is shown that the spectral density function has compact support,
which implies some sparsity when the angular spread is narrow under the context of
DP-UPA massive MIMO scenarios.

e Inspired by these properties, multi-user channel representation of ACS is extent using
bipartite graph from the original scalar-weight to the matrix-weight counterpart.
The matrix-weight bipartite graph establishes the association between block beams
(correspond to dual-polarized antennas) and users according to the asymptotic block
diagonalization of the CCMs. Building upon the matrix-weight bipartite graph
representation, a MD-ACS method is proposed, which is a generalized version of
original ACS formulation and is more suitable for DP-UPA antenna configurations.
The MD-ACS can be formulated as a generalized multi-assignment problem, which

includes the original ACS formulation (i.e., assignment problem) as a special case.

e By taking into account the sum rate maximization and multiuser interference control,
the generalized multi-assignment problem for MD-ACS is reformulated as a nonlinear
integer program, for which a simple yet efficient greedy algorithm is proposed to solve
it. The extensive simulation results using QuaDRiGa channel models demonstrate
the superiority of the proposed MD-ACS with greedy algorithm to the state-of-the-art
methods, including the recently advanced ACS method for DP-ULA antennas in the

previous work [73].

The rest of this chapter is organized as follows. The next section describes the channel
and system model of the DP-UPA FDD massive MIMO system with downlink training
and precoding. In Section 4.3, it studies channel covariance matrices through Toeplitz
theory, and characterize the spectral properties of the spectral density functions. The
proposed MD-ACS is detailed in Section 4.4, including the review of the original ACS, the
matrix-weight graph representation, and the NIP formulation with a greedy algorithm. The

numerical results can be found in Section 4.5, followed by the conclusion in Section 4.6.
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Figure 4.1: A single-cell multi-user massive MIMO network with DP-UPA antennas equipped at the
base station that serves a number of single-antenna users.

4.2 Channel and Signal Model

4.2.1 DP-UPA Channel Model

This chapter considers a single-cell massive MIMO system (see Fig. 4.1) where the base
station is equipped with an M, x M, x 2 DP-UPA serving Ny single-polarized single-antenna
users. The DP-UPA consists of in total M = 2M, M, antenna elements with M, ports in
each column and M, ports in each row, and for each port there are two polarized antenna
elements. According to 3GPP TR-36.873 [20], which is also referred by e.g., [$9] and [19],
the channel vector h of DP-UPA can be represented as

h— |™ ] coma, (4.1)
H

where hy € C**! and hy € c¥x! correspond to the channel between the vertical
(V')/horizontal (H) antenna and the user, respectively. For notational simplicity, let

q € {V,H}. Given the angle intervals of azimuth A and elevation B, according to the
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channel model of 3GPP [20], the g-th sub-channel vector can be written as

ho = [ [ 50,0100, 0)a0ds, (12)
BJA

where A = [Omin, Omax ], B = [@min, Pmax] and |A| = 26y and |B| = 26,4, in which dg and Jy

are the angular spread (AS) of azimuth and elevation, respectively; £,4(0, ¢) ~ Nc(0, By)

denotes the complex gain that is independent and identically distributed (i.i.d.) across

paths; v, is the polarization factor of the ¢g-th sub-channel; and a(f, ¢) is the steering

vector of DP-UPA antenna that possesses the same structure as that of UPA, and it can be

] [89] [89]

written as |

1 1

Zy sin(¢) sin(0) 2;—5}” sin(¢) cos(8)

2
ej A e]

a(ev ¢) = a’y(ea ¢) ® a’I(Qv ¢)

(&

27dy (

N

]Aijy_l) sin(¢) sin(0)

€

]72"0[” (A]Zl —1) sin(¢) cos(8)

(4.3)

where d, and d, are antenna spacing of column and row array respectively, and A, is the

carrier wavelength.

4.2.2 Downlink Training and Precoding

This chapter follows the comprehensive framework proposed in [73, Figure 4], which consists
of (1) uplink pilot transmission from the user to BS, (2) uplink covariance estimation at
the BS side, (3) uplink-downlink covariance transformation at the BS side, (4) downlink
pilot transmission from BS to the user, (5) feeding back pilot measurements from user to
BS, (6) downlink channel estimation at BS side, and (7) downlink beamforming. As focus
in this chapter is on the downlink precoding/beamforming, it assumes the availability of
downlink covariance matrix at the base station via the above steps (1)-(3). In what follows,
the procedure of (4)-(7) (see Fig. 4.1) are briefly reiterated to maintain certain level of

self-containedness.
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Downlink Pilot Transmission

As in [73], the base station sends a space-time pilot matrix § e CT*M " to all users through
a sparsifying precoder Vj, € CM*M ,, where T' > M is the number of time slots used for pilot
trainsmission, M’ < M is the dimension after the active sparsification, and the columns of
V,, are chosen from an orthogonal matrix that will be specified later. As such, the received

pilot signal y? of the i-th user can be written as

y; = SVi'hi +n, (4.4)

CM*1 is the downlink channel vector of the i-th user, and n ~ N¢(0,0%I7)

where h; €
is the AWGN. The pilot matrix S is up to design, subject to a total power constraint

tr(SV,'V;,8") < pPT', where pP is the pilot signal power in each time slot.

Feeding Back Pilot Measurements

For simplicity, the base station is assumed to receive the analog form users’ feedback pilot
signals yP' € CT*! [90] ideally, following the strategies in [28, 73] without any transmission
error, due to the target of this chapter is to explore the downlink channel precoder design.
The digital feedback with quantization can be implemented according to well-developed
techniques (see [91] and references therein). Due to possible user selection, only the selected
users are required to send the pilot signals back to the base station. In doing so, the base
station could successfully acquires the perfect pilot signals {y'};cs with S being the subset

of selected users, which will be specified later.

Downlink Channel Estimation

Given the T x 1 pilot signal g}, the M x 1 channel vector h; with M > T can be recovered,
relying on the sparsity of h; in the angular domain.  Following the footstep in [73],

estimated channel vector is obtained via MMSE estimators as
hi = Ry;R,;yy, (4.5)

where R, = E{h;(y")"} = R,V;,S", R,; = E{y’(y")"} = SV'R;V},S" + 0% with

R; = E[h;h}| being the downlink channel covariance matrix of user-i.
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Downlink Precoding

With channel estimates, the base station transmit users’ data {d;};cs through sparsifying
precoders p; € CM*1 for each selected user i € S. Thus, the received signal under FDD
DP-UPA downlink data phase yld of the i-th user can be written as

yd = hi'pid; + Z hip;d; + ni, (4.6)
jeS\i

where n; ~ Ng(0,07) is the AWGN, and the sparsifying precoder p; will be specified later.
As the downlink covariance matrix estimation has been extensively investigated in the
literature (e.g, [15,49,73]), this section focuses instead on designing the downlink precoder
assuming that the downlink channel covariance matrix {Rz}f\i Y is perfectly known at the
base station.

It is worth noting that there are two types of CSI used in the downlink training and
precoding: one is statistical CSI (i.e., channel covariance matrices of all users) for beam
and user selection, and the other one is instantaneous CSI (i.e., realization of the actual
effective channels for the served users) estimate for downlink precoding. We point out here
that the ACS is computed exclusively based on the statistical information, and can be seen
as a generalization of JSDM [15], where the former has a finer control of beams in addition

to user grouping/selection.

4.3 Spectral Properties of Covariance Matrix

Before proceeding further, the Toeplitz structure of CCMs is investigated to pave the
way for the sparsifying precoder design via ACS. The reasons are as follows: (1) The
CCMs of ULA/DP-UPA massive MIMO have a Toeplitz structure, so that high-dimensional
CCMs can be diagonalized by DFT matrices, whose columns contribute to the sparsifying
precoders [28]; (2) The CCMs of ULA/DP-UPA have different Toeplitz structures, so that
the DFT matrices for diagonalization have different formats. While Toeplitz structures have
been studied for ULA /UPA massive MIMO (e.g., [15,92]), those for DP-UPA have not been
explicitly explored. In addition, the spectral properties of the CCMs indicate the structural
pattern, e.g., the sparsity of the support (i.e., the positions of non-zero elements) in the
angular domain, which guides the construction of the weighted bipartite graph representation

for ACS. By ACS, the selected virtual beams specify the corresponding columns in DFT
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matrices for sparsifying precoders. In what follows, the structural properties of downlink
channel covariance matrices {RZ}ZZ\LU1 for DP-UPA massive MIMO will be inspected through
the lens of Toeplitz matrix theory.

By leveraging the Toeplitz matrix theory, the spectral properties of channel covariance
matrix are inspected through a function analysis perspective. In particular, instead of
looking into the channel covariance matrix, its spectral density is investigated in the angular

domain. This is underpinned by the following lemma.

Lemma 1. The channel covariance matriz R of DP-UPA massive MIMO can be represented,
subject to row/column permutation, as a Hermitian doubly block Toeplitz matriz 1%, which

can be asymptotically block diagonalized by an orthogonal matrix
V =Fy, ® Fy, ® I, (4.7)

as My, M, — o, where F,, is an n x n DFT matriz, and the block-diagonal submatrices

are uniformly sampled from the matriz-valued spectral density function, i.e.,

M,—1 M,—1

2((.&11,0)2) = Z Z [R]m17m2€]27r(m1w1+m2w2)7 (48)
m1:—My+1 mo=—M_y+1

with [R]my m, being a 2 x 2 submatriz of R.
Proof. See Appendix 4.7.1. O

Remark 4. The 2 x 2 matriz-valued spectral density function X(w1,ws) over (wi,ws) €
[—1/2,1/2]? is the generating function of the doubly block Toeplitz matriz R. As row/column
permutation does not change spectral properties, 3(w1,wa) is the spectral density function
of channel covariance matriz R over the two-dimensional angular domain [—1/2,1/2]%. In
particular, the heatmap is plotted in Figure 4.2 to illustrate the normalized spectral density
matriz VARV of four different DP-UPA antenna configurations with channels generated
by QuaDRiGa [95] (See Section 4.5 for the configurations). It can be observed in Figure
4.2 that (1) there are still a few non-zero off-diagonal 2 x 2 blocks, which are vanishing as
M, and My increase; (2) the off-diagonal blocks are dominated by the diagonal ones; (3)
there exhibits certain sparsity in the diagonal blocks, and the off-diagonal blocks agree with
such a pattern. In other words, the imperfect block-diagonalization has no influence on the

support information (i.e., the sparsity pattern), which is determined by the diagonal blocks.
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Similar to the ULA massive MIMO, the signals can also be transformed from spatial to
angular domain to exploit possible (block) sparsity of the spectral density. The columns of
the DFT-type orthogonal matrices have been widely used as the common basis for Toeplitz,
block Toeplitz and TBT matriz in massive MIMO such as precoder design for ULA [73,77]
and UPA [92] array, and pilot decontamination [10,11,27].

Equipped with Lemma 1, it is able to inspect the spectra of channel covariance matrix
R through its spectral density function ¥(wj,ws). As such, the sparsity properties of

DP-UPA antennas in the angular domain, is shown in Theorem 5.

Theorem 5. The spectral density function 3(wi,w2) has a compact support over the

two-dimensional frequencies (w1, ws) € [—1/2,1/2]?, i.e.,

: d max d min d max d min
Y(wi,wa) =0, if (w1,we) ¢ [—)\wzl ’Ezl } X [—)\wzQ ,EZQ } , (4.9)
where zlmin and z"** depend on a fired AOA 0., ¢. and AS Ay, Ag.
Proof. See Appendix 4.7.2. O

Remark 5. Theorem 5 is a generalization of the compact properties of spectral density
function from ULA reported in [15] to DP-UPA antenna configurations. In contrast with
the ULA, the spectral density function of DP-UPA is 2 x 2 matriz-valued because of the
dual-polarization. In addition, for UPA and DP-UPA antennas, the compact supports
of X(w1,ws) could be more dispersed, thanks to the two-dimensional array. This enables
UPA-type antennas to server more users without causing severe pilot contamination or
multiuser interference.

Thanks to the high resolution of large-scale antenna arrays, the azimuth and elevation
AoAs are usually limited within a narrow range [93], so that z** and zf”i“ are confined
within small intervals in [—1,1]. As such, the compact support only covers a limited range
of frequency range, and thus the spectral density exhibits sparsity properties in the angular
domain. To illustrate the above points, the spectral density of covariance matrices of ULA,
UPA, and DP-UPA are plotted with the same number of antennas, using channels generated
by QuaDRiGa [93] (See Section 4.5 for the configurations). In particular, Figure /.3 shows
the normalized diagonal elements of DF T-diagonalized covariance matrices for 128 x 1 ULA,
16 x 8 UPA, and 8 x 8 x 2 DP-UPA, respectively. It can be observed that ULA has one single
yet wide support, and UPA and DP-UPA have multiple narrow supports. Additionally, for
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Figure 4.2: The heatmap of the normalized spec-
tral density matrix V¥RV for 4 x4x 2, 4 x 8 x 2,
8 x 8 x 2 and 8 x 16 x 2 DP-UPA antennas, re-
spectively.

Figure 4.3: The normalized spectra of covariance
matrices for 128 ULA, 16 x 8 UPA, and 8 x 8 x 2
DP-UPA antennas, respectively.

DP-UPA, it exhibits the block support where the supports appear in pair, which agrees with

the 2 x 2 matriz-value spectral density function.

4.4 Multi-Dimensional Active Channel Sparsification

Inspired by the spectral properties in Theorem 5, active channel sparsification is extent
to its multi-dimensional counterpart for sparsifying precoder design in DP-UPA. The key
ideas are as follows: (1) Given the DFT matrices in Lemma 1, the channel vectors are
asymptotically represented by linear combinations of their columns, referred to as common
basis vectors (a.k.a. virtual beams). (2) Given such representations, multi-user channels can
be represented as a matrix-weight bipartite graph (Section 4.4.1). (3) Given the bipartite
graph, the user-beam association is formulated as a many-to-many matching problem, and
solve it efficiently with a greedy algorithm (Section 4.4.2). Finally, the sparsifying precoder
V}, comes from the selected virtual beams.

In what follow, firstly, the matrix-weight graph representation is introduced, and
finally, the general optimization problem formulation is bridged to an existing problem in

combinatorial optimization.
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Edge (€) Active edge/user/beam
—— Interfered edge/user/beam
A A Users (’U)_ Inactive edge/user/beam
ul uz oee uNU (b)

Figure 4.4: Matrix-weight bipartite graph for channel representations, where the virtual block beams
are denoted by a square with crossed lines (cf. cross-polarized antenna elements), the users are
denoted by triangles, and the weights between beams and users FE; ,,, are 2 x 2 matrices. (a) Channel
representations from different users are overlapping in the sense that they share some common block
beams (indicated by red edges) to represent their respective channels. (b) After active channel
sparsification applied, some block beams (marked in gray) and users (marked in black) are switched
off to avoid channel overlapping, so that the remaining users are not overlapping on active block
beams.

4.4.1 Matrix-weight Bipartite Graph Representation

From Section 4.3, the covariance matrix R; can be asymptotically block-diagonalized by

lim  R; = (Fu, ® Fu, ® I)Xi(Fu, ® Far, ® I)" (4.10)
Mr7My—>OO

M’!J Mz

= 20 D (Foms ® Frmy ® L) Zi(ma, mo)(Fomy ® Frm, ® )", (4.11)

mi1=1meo=1

where fym and fj , are the m-th column of DFT matrices Fyy, and F)y,, respectively,
and X;(mq, mg) is the (M, (m;1 — 1) + mg)-th diagonal block matrix of X;.

Instead of using a vector to represent a virtual beam in the ULA and UPA settings, here
a M x 2 submatrix Vin, ms = fomi @ frm, ®I2 is used to represent a virtual cross-polarized
block beam. Similarly, all users’ channels can be represented by a bipartite graph with
matrix-valued weights, where the cross-polarized block beams {V;;, m,, m1 € [My],ms €
[Mz]} on one side and the users on the other side, and the beams and users are connected
with edges of matrix-valued weights {3;(m1, mg2), m1 € [M,], mo € [M,]}. For notational
simplicity, [3;],, is used to denote the matrix-valued weight for m € [M /2] corresponding
to some (mjy, ma).

The scalar-weight graph representation of previous ACS formulation is referred as single-
dimension, and the matrix-weight one as multi-dimension bipartite graph representation.

In particular, the users’ channel covariance matrices are represented in respect of the
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block beams in a matrix weighted bipartite graph G as in Fig. 4.4, where a block beam
corresponds to a pair of cross-polarized antennas. For notational simplicity, the block beams
are denoted as m € [M/2]. The matrix weighted bipartite graph G = (B,U, £) is defined,
in which the block beams b € B is on one side and users v € U on the other side. Therefore,
a beam by, and a user u; are connected with an edge (by,,u;) € € if A;,, = 1. It is worth
noting that, the weight of edges (bm,u;) € €, i.e., E;,;, = [X;]m with m corresponding
to some (my,mg), is a 2 x 2 matrix rather than a scalar. With the block beam and user
selection parameters x,, and y;, the estimated channel of the i-th user, as in (4.5) in Section

4.2.2, can be approximately written as

M/2 )
hi~ ) wmVin ([Zilm)? tim, (4.12)
m=1

where V,,, € CM*2 corresponds to the block basis vectors Vini,ms With m corresponding
to some (m1,mz), and ¢;,, € C**! is a random Gausssian vector similarly defined as
before. Similarly, the sparsifying precoder V}, in (4.4) can be specified as the collection of
{(Vin t xpy, = 1}

Let us explain the physical meaning of the matrix weighted bipartite graph. Each
block beam is illustrated as a pair of crossed lines, in which the cross with red and
black lines corresponds to the vertical and horizontal polarization antennas in the DP-
UPA array, respectively. As a matter of fact, such a correspondence is resulted from
the block-diagonalization of the channel covariance matrix, where it combines the cross-
polarized antennas at the same position. The diagonal elements of E; ,,, € C?*2 represent
the channel characteristics of the corresponding antenna, while the off-diagonal elements
indicate the channel correlation between the vertical and horizontal antennas due to
their cross-polarization. In Fig. 4.4(a), the edges in red indicate the inter-user spectral
correlation between users’ channels in the angular domain, which results in potential
inter-user interference for multi-user transmission. Fig. 4.4(b) presents a simple beam and
user selection to reduce the possible beam overlapping for activated users. When actively
switching off some block beams and users, the partial channel correlation of the remaining
users is reduced, for which there is not any overlap on the activated beams anymore. Note
here that the original channels covariance matrices are partially represented by the active

block beams only.

While this may result in partial channel estimation and exploitation, it is expected not
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to degrade the overall multi-user performance as long as a proper beam and user selection
strategy is designed. For the scalar case, it has been evidenced in [28] that the beam and
user selection by ACS could improve overall performance over the ones without channel
sparsification. In what follows, before proceeding with the matrix-weight bipartite graph
representation, it takes a step back to propose a more general formulation of ACS from the

lens of combinatorial optimization.

4.4.2 Generalized Multi-dimensional Active Channel Sparsification (MD-
ACS)

Given the above matrix-weight graph representation, the original ACS [28] is reformulated
in a more general way. The generalization lies in two aspects: one is to extend one-to-one
matching to many-to-many matching, the other one is to generalize scale-weight (i.e., single-
dimensional) to matrix-weight (i.e., multi-dimensional) matching with rate maximization

and interference mitigation embedded instead of maximizing multiplexing gain.

From One-to-one to Many-to-Many Matching

In the original formulation in (2.22) of ACS, a subgraph G’ is selected with active beams B’
and users U’, and the maximal bipartite matching is constructed in the induced subgraph
G = (B,U',E&). Tt has been shown in [28] that the cardinality of the maximal bipartite
matching is equal to the multiplexing gain of multi-user transmission. If it takes a step
back, instead of working on the maximal (one-to-one) bipartite matching in the selected
graph, the many-to-many matching on the original bipartite graph G is considered, where a
number of beams can be associated to one user, and likewise each beam can serve multiple
users as long as inter-user interference is properly controlled. As such, a more general

formulation can be given by

(P2) : max w(M§g) (4.13a)
s.t. degg(u;) < Ky, Yuj el (4.13Db)
degg(bm) < Kuym, Vb, €B (4.13c¢)

where MG is the set of many-to-many matching, which is a generalization of one-to-one
matching, k;; < T/2 is the maximum beams can be assigned to user i to guarantee that

channel estimation is feasible [28], and &, ,, the maximum users that can reuse the same
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beam m so that not much interference is caused one another. In contrast to the one-to-one
matching, many-to-may matching allows each vertex on one side to be matched with
multiple vertices on the other side.

The above many-to-many weighted matching is equivalent to the GMAP [94], which
is a generalized version of the assignment problem corresponding to one-to-one matching.
The GMAP considers to assign a set of tasks to a set of agents. When a task is assigned to
an agent, it produces profit and incurs cost. The aim of GMAP is to assign each task to
multiple agents, where one agent can conduct multiple tasks, so that the total cost of all
tasks is minimized and/or the total profit is maximized. Under the context of the multiple
beam-user assignment, the above generalized ACS formulation can be reformulated as a

GMAP with an integer programming as follows

M/2 Ny
(Pé) s max 2 Z Wi m~im (414&)
DT =1i=1
Ny
St D) Zim < Ku, Yy € B (4.14b)
i=1
M2
Z Zim < Kp, Yu; €U (4.14c¢)
m=1
Zim € {0,1}, Vb, € B,Vu; eU (4.14d)

where z; ,, is a binary decision variable such that z;,, = 1 indicates the m-th block
beam is assigned to the i-th user, and 0 otherwise; w;,, is the corresponding profit for such
an assignment, and it is a function of the matrix-weight FE; ,,; £, and kj are the maximum
number of users and block beams to match each beam and user, respectively. For simplicity,
it is assumed that each user (resp. beam) is associated to the same number of beams (resp.

users).

From Single-dimensional to Multi-dimensional Matching

The generalized formulation in (4.14) reduces the size of the integer program compared to
(2.22) to a great extent, thanks to the GMAP formulation and the matrix-weight bipartite
representation of beam-user association. However, the merits in the original formulation,
e.g., multiplexing gain maximization in (2.23a) and interference control in (2.23f), are

totally lost.
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To remedy the above reformulation, in what follows, the consideration of sum rate
maximization is integrated into the objective function, especially into the parameters {w; ,,},
and the interference control is relegated to a constraint. Such a remedy results in a nonlinear
formulation, which motivates us to propose a greedy algorithm to solve it in an efficient

way.

Embedding Sum Rate Maximization and Interference Control Given the subset
of selected users S = {i : yf = 1}, the achievable rate of the i-th user with downlink

precoder p; can be written by

|hi'pil?
R;=log |1+ 2 . (4.15)
< o? + ZjeS\i|thpj‘2

For the sake of tractability of optimization, an asymptotic version of sum rate is considered
when M, M, — o so that the asymptotic zero-forcing precoder of the i-th user can be

simply written by the column vectors of common basis V. In particular,

= {Vin : 2 tr([Bilm) = 6, xmy;tr([3;]m) < 6,Vj € [Ny]\i,m e [M/2]}, (4.17)

where R{-} and N{-} are the range and null spaces of the subspace spanned by the vectors,

and J is a threshold to determine if the block beam is strong enough to be considered.

Hence, with such asymptotic precoder, the asymptotic rate’ of the i-th user can be

written as
tr (S 2o [ Silm [ Sl
RF =log |1+ gW/Q IN ) (4.18)
02 4+ tr (Zm=1 j:Ul’ﬁq' ijm[Ei]m[zj]gﬁJ
M/2 Ny M/2 Ny
= log (02 +r( Y ) ijm[zi]m[zj];)) —log (02 +tr( > ) ijm[zi]m[zj]fn))
m=1j=1 m=1j=1,j#1

2We point out that the asymptotic rate here is with respect to the number of antennas, which is different
from those at high SNR in the literature. This rate is not actually achievable because of the limited number
of antennas and the imperfect channel estimation for precoding in practical scenarios. It is only used for the
purpose of optimization.
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M/2 202 Ny )
> 2, | log (ﬁ +tr( ) yjfvm[zz]m[zj]m)) — Nigm | » (4.19)
m=1 j=1

where the first term is due to Jensen’s inequality with log(-) being a concave function, and

the second term is due to an artificially introduced constraint

M/2 Ny M/2
log <02 + tr( Z Z yjl'm[zi]m[zj]}:n)) < 2 Ni,m- (4.20)
m=1j=1,j#i m=1

With Jensen’s inequality, the above constraint can be relaxed to
M/2 M/2

Z log (27 + tr( Z YjTm [ m[Ej]:;l)) < Z Mim- (4.21)
m=1

m=1 J=1,7%#1

Let us introduce two matrices P € CNV*% and C € CMX% such that

Ny

[Pl = logtr( Y] 5Bl ). (4:22)
+

[Ci,m = log tr< Z yj[Ei]m[Ej]fn) (4.23)
J=1j#i

The maximization of the asymptotic sum rate with joint user and beam selection can be

approximately formulated in the following way

M/2 Ny
(PB) - max Z Z Zi,m[P]i,m (424&)
LM m=1i=1
s.t. (4.14b), (4.14C), (4.24b)
[C]i,mzi,m < Nim Vb,, € B, Yu;, el (4.240)
zim € {0,1}, Vb, € B,Vu; ed (4.24d)

where the objective function (4.24a) comes from the lower bound of the asymptotic rate,
with the constant parts dropped for simplicity, and the final constraint (4.24c) due to the

constraint (4.21) to control interference, and z; ,, = x,y; is binary-valued.

The above optimization formulation can be recognized as a GMAP with an additional
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constraint (4.24c). The lower bound of the asymptotic rate can be regraded as the profits,
and the constrained term in (4.21) can be treated as costs. As such, P and C' are referred
as the profits and costs matrices, respectively. While the optimization problem (4.24) is
linear for the parameters {z;,,}, the profits and costs matrices P and C are dependent of
user selection {y;}, which is entangled with {z; .} as zjm = @my;. This makes the problem
a nonlinear integer program with respect to {z,,} and {y;}, which is challenging to solve.
To overcome this, a low-complexity greedy algorithm is proposed, avoiding overlaps between

any two users in the matrix-weight bipartite graph.

Greedy Algorithm As detailed earlier, given the channel covariance matrix R; with
permuted rows and columns from the original one R;, a matrix-weight bipartite graph
representation can be constructed where the matrix weights [%;],, come from the block
diagonalization of R;. However, when it comes to the practical scenarios with a finite
number of antennas, RZ is not perfectly block-diagonalizable with the DFT matrix as in

(4.10). To overcome this, a possible way is to approximate the matrix-weight [%;],, by
[Zilm = [(Fu, ® Fur, ® 1) Ri(Fur, ® Far, ® 1)), (4.25)

where [-], m is the m-th 2 x 2 block diagonal submatrix with m e [M/2]. It is readily

verified that limaz, a7, —oo[2i]m = [Zi]m for all i,m. Thus, in what follows, [ﬁ]z]m is used

instead of [X;],, for algorithm design in the practical scenarios.

For ease of presentation, a Ny x & matrix ¥ with [®]; ,, = tr([2;]m) is introduced to
indicate the contribution of the m-th block-beam to the ¢-th user. Let us define a binary

matrix A’ for the greedy algorithm with elements specified as

1, if m e max"{[®]; v, Vm' € [M/2]},

) (4.26)
0, Otherwise,

[A']im = {
where n, € [M/2] is a tunable integer parameter, and max"»{ A} returns the indices of the
largest n,, values in the set .A. Here A’ serve as a mask to filter out the insignificant weight
matrices {[2;]m, ¥m} and only keep n, largest ones. In particular, if n, = kjp, then after
masking with A’, there are at most x; block beams left that are connected to each user, so

that the constraint (4.14c) is automatically satisfied.

For the greedy algorithm, according to the asymptotic analysis of sum rate, a specific
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evaluation function is defined as
(P,C) = > wmti([Plim — [Clim), (4.27)

where P and C' are profit and cost matrix as shown in (4.22) and (4.23), for which [2;],,
is used.

Given the bipartite graph representation G = (B,U, £) and the matrix-weight [3;],, on
the edge (b, u;), a greedy algorithm is proposed to solve the optimization problem (Ps).
Generally speaking, our proposed greedy algorithm scans the matrix-weight bipartite graph
representation in a greedy manner to ensure the constraints of (P3) to be satisfied according
to the evaluation function ®(P,C'). Whenever the violation happens, either switch off the
user or certain beams make the constraints satisfied. The detailed procedure is outlined in
Algorithm 2, which takes three steps: 1) select the largest x; coefficients as the dominant
block beams for every user; 2) select the beams as the set M that serve more than k, users;
3) make the decision to switch off the beam or only reserve the dominant s, users. Repeat
the third step until M = . The detailed procedure is outlined in Algorithm 2.

Let us explain the greedy algorithm in detail. Instead of maximizing the profit with
the cost as the constraint in (4.24), we define a new profit function as in (4.27) which
takes both original profits and costs into account. At the beginning, each user ¢ selects
kp block beams with the largest weights as specified by A’ in (4.26). This is to make the
constraint (4.14c) automatically satisfied. Then, each block beam m determines whether
the number of served users exceeds its capability s, to satisfy the constraint (4.14b), and
the unsatisfied block beams are included in the set M (Line 7). For those beams with more
than r, users served that violate the constraint (4.14b), it is determined that if it is better
to switch off this beam m, or some users so that the constraint (4.14b) is satisfied. To
make such a decision, two quantities &, and ®,, are computed and compared when either
option is applied with respect to the newly defined profit in (4.27) (Lines 9 - 16 in the
while loop). This operation repeats till the constraint (4.14b) is satisfied for all active block
beams, i.e. M = ¢J. After each iteration, the weight matrix ® and the binary matrix A’
will be updated (Line 17), so that the deactivated users or beams will not be considered
in the future. As such, the greedy algorithm results in a feasible solution after at most
Y iterations with polynomial-time complexity of O(M (Nylog Ny + MNyy)) [95] where
O(Ny log Ni7) comes from sorting users and O(M Nyy) from the computation of (4.27) in
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Algorithm 2 Greedy Algorithm for Generalized MD-ACS

: Input: {Ifli,Vi}, Koy Kb
. Initialization: z,, = y; = 1 for all : € [Ny],m € [M /2]
Z]\g%fl from {R;}YY according to (4.25)
. Construct the bipartite graph representation G = (B,U, £) with matrix-weights {[3;],,,}
for the edge (bm,u;) € €, and construct the weight matrix ¥ with [¥];,, = tr([ﬁ)l]m)

Compute profit and cost matrix P, C as (4.22)-(4.23) with [2;]m
Construct a binary matrix A’ as in (4.26) with n, = ks, such that (4.14c) is satisfied
Update ¥ as @ «— A’ O W, and set M = {m : YN0 2,y [A )i > Fu, Vm € [M/2]}
while M # & do

Select the beam m € M
10: Compute (4.27) as Py if the beam is switched off, i.e., z,, =0
11: Compute (4.27) as ®,, if only &, users with the largest [¥]; ,,, are selected, i.e.,

y; = 0 for all ¢ ¢ max" {[®]y ,,, Vi'}
12: if &, > ¢, then

1
2
3: Produce 2 x 2 diagonal submatrices {[2;],n}
4

13: Ty = 0, and [A/]i,m =0, Vie [NU]
14: else
15: y; =0, and [A']; ,,, = 0, Vm € [M /2], i ¢ max"*{[¥]; ,,, Vi'}

16: end if

17: Update ¥ as ¥ — [A'|O ¥

18 Update M « {m : 3N 2yi[A')in > Fou, Ym € [M/2]}
19: end while

20: Output: {xm}M/2 {yl}l]iUl

m=1>

each iteration.
To summarize, compared with the original single-dimension ACS formulation in [28, 73],

our proposed MD-ACS with greedy algorithm has the following advantages.

e While the original ACS is dedicated to the maximization of multiplexing gain, our
proposed MD-ACS takes both sum rate maximization and interference control into
account, which leads to better performance at finite SNR, as will be shown in Section
4.5.

e In the original ACS, the same threshold is applied for all users and beams to construct
the bipartite graph representation, and the resulting graph is sensitive to such
threshold. In addition, there are quite a few tunable parameters in (2.23), which
are challenging to fine-tune to arrive at the sweet spot for the optimal solution, so

that an improper choice probably results in severe performance degradation. For our
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proposed MD-ACS, the integer-valued parameters x, and x; are used to construct
the bipartite graph, and the resulting graph is more flexible and suitable for greedy

search.

Due to the pre-determined bipartite graph representation and the implicit user
selection, the original ACS is suitable to the homogeneous scenarios, whereas our
proposed greedy algorithm is suitable for both homogeneous and heterogeneous
scenarios (e.g., with both indoor and outdoor users), thanks to the adaptive bipartite
graph construction and the explicit user selection, as will be demonstrated in Section
4.5.

4.5 Numerical Results

In this section, the numerical results of our proposed method — generalized MD-ACS —

are provided and compare with the state-of-the-art ones in the practical DP-UPA FDD

massive MIMO scenarios . The following baseline methods are considered for comparison.

e No Selection: All users and beams are activated.

e JSDM: A clustering algorithm that divides users into groups according to the

similarity of their channel covariance matrices [15].In each group, a user is randomly
selected on behalf of the corresponding cluster. In this chapter, the number of clusters
K is is set to K = ), yF, where y* is the user selection vector obtained by the
proposed greedy algorithm. Firstly, in clustering algorithm, it randomly selects K
data points as centroids. According to the distance between data point and centroids,
each data point is assigned into the nearest cluster. The clusters then update the
centroid, and repeat the process until all centroids remain same. In general, a k-means
algorithm uses a scalar or vector as the data point, with the Euclidean distance serving
as the similarity measure and the average over data points with clusters serving as the
centroids. However in JSDM, the data points are changed into a matrix, covariance
matrix. JSDM adopts the chordal distance between the covariance eigenspaces as
the similarity matrix. Given two covariance matrices R, Rs, the chordal distance is

written as

do(Uy, Up) = |UWUY = UoUS |7, (4.28)
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where Uy, U, are the dominate eigenspaces of Ry, Rs, respectively. The generating

centroid function is defined as
X
o - H M x
U = eig, [N n; UnUn] e CV*P, (4.29)

where IV is the number of point in the corresponding cluster, and eigp(X ) denotes

the unitary matrix formed by the p dominant eigenvectors of X.

e ACS: The original ACS on scale-weight bipartite graph representation, which was
first proposed in [28] for ULA, and later on extended to DP-ULA in [73];

e ACS-Matrix: The conventional ACS with the MILP formulation on the matrix-
weight bipartite graph representation, where the constraint (2.23f) is replaced by

Py; < Y tr ((Wlim) @m,  Vui €U, (4.30)
bm€eB

e Greedy Algorithm: The proposed MD-ACS with greedy algorithm implementation
as specified in Algorithm 2.

The downlink channel training and precoding follow the procedure in Section 4.2.2, where
the pilot matrix S is a T' x M’ orthogonal matrix, with M’ = 22%51 Tm < M being the
number of activated virtual beams, and the average pilot signal power is set to pP? = 1.
The simulation scenarios consider FDD downlink transmission in a single-cell massive
MIMO network, where the base station is equipped with M = M, x M, x 2 DP-UPA antenna
and serves Ny single-antenna users. In order to evaluate the algorithms comprehensively
and fairly, the QuaDRiGa channel model [93] is adopted to generate downlink channel
vectors h. According to the 3GPP and the QuaDRiGa specifications [96], the Inter-Site
Distance is set to be 500m and the ‘3GPP-3D-UMA’ scenario is considered. For the users’
located rules, the minimum distance from users to the base station is 10m. We choose
50% indoor and 50% outdoor users for downlink transmission, where the height of all the
outdoor users is set to 1.5m. In all simulation scenarios, the downlink channel covariance
matrix is somehow available, which can be simply obtained by R = % Zi\i | hth} using
N = 1000 downlink channel vector realizations h; generated from QuaDRiGa, or obtained

from uplink channel covariance matrix by leveraging uplink-downlink reciprocity (e.g., [28]).
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Figure 4.5: Sum rate versus SNR with 4 x 4 x 2
DP-UPA, Ny = 15 users and T = 16 timeslots.
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DP-UPA, Ny = 30 users and T = 16 timeslots.
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Unless otherwise explicitly specified, for all the simulation scenarios, following parameters
are chosen: kp, = 3; Ky, = 20 for 64 antenna configuration and x, = 12 for 32 antenna
configuration; pilot dimensions of training phase T' = 16; for 32 antennas (Fig. 4.5-4.8), the
antenna array is M, = M, = 4 and the FDD frame length is T,. = 64, and for 64 antennas
(Fig. 4.9-4.13), M, = 4, My, = 8 and T, = 72, and the sum rate in simulation figures is
R=%(1- %) R

Figures 4.5 and 4.6 illustrate the sum rate of downlink transmission with Ny = 15 users
in total versus SNR and the pilot dimension of the training phase, respectively. We can
observe in Fig. 4.5 that, the proposed MD-ACS with greedy algorithm outperforms all other
methods, and the gap is increasing as SNR goes. The ACS-like methods (i.e., ACS and
ACS-Matrix) perform poorly at high SNR compared with No Selection, which is probably
due to the fact that the number of users for selection is quite limited so that activating
all users may not be a bad idea. In Fig. 4.6, it appears the sum rate first increases as the
ratio does, because higher pilot dimension yields higher estimation accuracy of downlink
channel, and therefore more accuracy downlink precoding. Then, while raising the pilot
dimension may result in a more accurate channel estimation, the sum rate declines when
the ratio exceeds 0.25, as the training phase consumes more resources and leaves fewer time
slots for transmission. For the ACS-like methods (i.e., ACS and ACS-Matrix), it looks
too many users have been switched off, which results in severe performance degradation
when T is large. In Figures 4.7 and 4.8, Ny = 30 users are considered. It is observed
that our proposed MD-ACS with greedy algorithm consistently outperform other methods.
In this scenario, with a sufficiently large number of users, both ACS-Matrix and ACS
perform better than JSDM and No Selection. The No Selection method confronts severe
performance degradation — it is because there are too many users in the network, and
user selection is crucial. In these simulations, ACS-Matrix outperforms the conventional
ACS approach, which demonstrates the effectiveness of using matrix-weight bipartite graph
representation. Notably, from Fig. 4.6 and Fig. 4.8, the optimal pilot dimensions that
maximize the sum rate are different across algorithms. The optimal pilot dimension of
ACS is around T = 12 while others are around T" = 16. This suggests that ACS seems
more dedicated to beam selection, while others (including the greedy algorithm) prefer user
selection.

Further, Fig. 4.9-4.12 increase the number of antennas from 32 to 64, and consider
two scenarios with Ny = 30 and Ny = 60 users. For the 64 DP-UPA antenna scenario

with 30 users, compared with the 32-antenna case, the sum rate improvement of our greedy
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algorithm over other methods is diminishing, because the capability of serving more users
is enhanced with more antennas, and thus user selection is not crucial. When the number
of users increases from Ny = 30 to Ny = 60, the same phenomenon is observed as that
in Figures 4.7 and 4.8. Interestingly, from Figures 4.10 and 4.12, it is found that even if
the number of antennas is increased, the optimal pilot dimension is still around 7" = 16
timeslots. It is worth noting that, ACS-Matrix with matrix-weight graph representation
outperforms the conventional scalar-weight ACS method. It suggests that the matrix-weight
formulation is more suitable than scalar-weight ACS for the DP-UPA scenario. As such, the
improvement of our proposed greedy algorithm comes from two aspects: the matrix-weight
MILP formulation and the search-based user/beam selection strategy. Fig. 4.13 shows
the sum rate versus the number of users in the cell when the pilot dimension is set to
T = 16. We can observe that: (1) When the number of users is small, e.g., Ny < 30,
user selection is unnecessary, because the sum rates are nearly the same for the proposed
greedy algorithm, compared with No Selection. (2) As the number of users increases, the
benefit of user selection emerges, and it becomes crucial when the number of users is large,
e.g., Ny = 45. (3) Our proposed MD-ACS with greedy algorithm always outperforms the
conventional ACS thanks to the matrix-weight graph representation and the search-based

greedy user/beam selection.
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4.6 Conclusion

In this work, the downlink sparsifying precoder design and user selection in DP-UPA FDD
massive MIMO systems have been investigated using ACS. By extending the original scalar-
weight bipartite graph representation of user-beam association to a matrix-weight bipartite
graph, a generalized MD-ACS for DP-UPA antenna configurations with a nonlinear integer
program formulation was proposed. Inspired by the generalized multi-assignment problem,
an efficient greedy algorithm was proposed to solve the nonlinear integer problem, and
observed its superiority in extensive simulation results using QuaDriGa channel models. We
believe such an improvement of the ACS methodology could pave the way for the potential
deployment of ACS to the practical FDD massive MIMO systems.

4.7 Appendix

4.7.1 Proof of Lemma 1

Given the channel vector in (4.1), the covariance matrix R = E{hh"} can be written as

_[E{hvny} Efrvnid] | (R R (431)
E{hyh{} E{hgh}} RY Rs3| '
For k=1,2,3
<m=£fw&@wﬂwww, (4.32)
where Q = {(6,¢) : 0 € A, ¢ € B} and
p1=wWE{BvBYY  p2=wAEE{BvBu}.  ps = vuvHE{Bu A} (4.33)

with Gy and Sy being vertical and horizontal polarization respectively. In fact, the
submatrix R} has the same structure as the covariance matrix of UPA, which is a doubly
Toeplitz matrix. By letting Pz = (g; 1;%' ), the covariance matrix R can be alternatively
written as

R:a@ﬁﬁ&ww@@wm=%®3, (4.34)
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where
B = | a,(0,0)a,(0,6) ® a.(0,d)a,(0,$)dbdo (4.35)
Q
By, -+ By,
_ f | avds. (4.36)
Q
By,1 - Buyyw,

For p, q € [M,], each block By, can be written as

By, = [ay(0,9)ay(0,6)] A(0,¢) = /xS osing 4 g (4.37)

with
27

[A(8,))ij = [az(0, 9)|i[a}(0, ¢)]; = rw s sinocosd, (4.38)

It appears that the elements in A(6, ¢) only depend on (i — j) and the submatrices in By,
only depend on (p — q). Therefore, B is a doubly Toeplitz matrix.

To facilitate the inspection from the perspective of generating function for Toeplitz

matrices, R is transformed into a doubly block Toeplitz matrix by row/column permutation.

Following the footsteps in [97], R is permutated by a perfect shuffle matrix Q as
R=QRQ"=QP;®BQ = B® P;, (4.39)
with
I (1: 8 M)
o= |™ <2:%:M’:) . (4.40)
I (4 )

By the permutation, Ris doubly Toeplitz matrix, that is, an M;M, x M,M, doubly block

Toeplitz matrix, with each element being a 2 x 2 matrix. In particular, the (mi, m2)-th

submatrix [R],,, m, can be given by

A~

[R]ml,mg _ f 6]5—:}(dym1 sin ¢ sin 0+dgma sin ¢ cos 0)d0d¢Pg (441)
Q
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When M,, M, — oo, it is known in [70] that the (m1,mz)-th submatrix of R can be given
by
12 (1/2
R, m, J j 3wy, wo)e P2mmawi+mawn) gy, gy, (4.42)
1/2J-1/2

through its generating function

(w1, ws) Z Z ml,mgeﬂﬂ(mlleerwQ). (4.43)

mi1=—00 mog=—00

It is known that for any Toeplitz matrix T}, when n — o0, there exists a circulant
matrix C,, sharing the same generating function [09]. This applies to the extensions, e.g.,
doubly (block) Toeplitz and circulant matrices. It is known in [70] that circulant matrix
can be diagonalized by DFT matrix, and this can be extended to block and doubly block
Toeplitz matrices. As such, for the doubly block Toeplitz matrix R, there exists a doubly

block circulant matrix C such that
C = (Fu, ® Fur, ® L)E(Fy, ® Fuy, ® I)", (4.44)

where ¥ is a block diagonal matrix with M, M, non-zero diagonal blocks of size 2 x 2 each.
According to [98, Theorem 2]. the diagonal blocks of ¥ is the uniform sampling of the
generating function ¥(wi,ws) on the following grids

1 ma 1 mo

S o L) M, —1 M,] — 1. 4.4
(i) = (—5 + g 4 ) Y e (]~ 1, ma e 1] (4.45)

4.7.2 Proof of Theorem 5

According to Lemma 1, by letting d, = d, = d and plugging (4.41) into the spectral density

function X (w1, ws),

0¢] o0
3 (wi, wp) Z D[R]y el maen) (4.46)
mo=—00
o0

o Pﬁf Z Z j27rm1( 51n¢51n9+w1) j27rm2(>\ sin ¢ cos 0+ws3) d9d¢ (4 47)

mi1=—00 mg=—00
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o0 0
:PB fg( Z ej27rm1(A‘stin¢sin6’+w1)> < Z e]27rm2(/\‘fusin¢cose+w2)) d9d¢

m1=—0 mo=—00

= PBJQ ( Z 1) <m1 — (isinqﬁsin@—i—wl)))
. (m2;oo5 (mg — (/\Ci) sin ¢ cos 0 + o@))) dfde,

(4.49)

(4.48)

where the last equation is due to Poisson Summation Formula [99].
Further, let z; = sin¢siné and 2z = sin ¢ cosf. Define 2"** = maxy p{z;} and zlmi“ =
ming g{z;}. Due to the property of delta function, only if both w; = m; — %zl and

Wy = Mg — %zz are satisfied, ¥(wq,ws) is a non-zero matrix. Given that my,my € Z,

-1< zlmin < 2" <1, and wy,wy € (—%, %), the only possible integer of m; and ms is 0.
min max
i i

w; € [_%szaxj /\%szin] ,i = {1,2}. As such, given a set of AOA 6., ¢. and AS Ay, Aq, a
compact support can be obtained that is related to the both elevation and azimuth AOAs.

Thus, the range of w; that yields non-zero ¥(wq,ws) depends on that of 2™ and z"** i.e.

Even when the special points, wy,ws = i%,

exist, only the corresponding points under z; = +1 does not alter the conclusion.

are considered, such that mi, mo = +1 might



Chapter 5

Topological Pilot Assignment in
Large-Scale Distributed MIMO

Networks

5.1 Introduction'

After adopting the generalized ACS concept into two centralized massive MIMO problems,
this chapters aims to explore the application of ACS in distributed massive MIMO. Due to
the distance between RRHs and users and the obstacle existing, the distributed massive
MIMO network could be extracted to a graph, where includes the path-loss information.
Owing to such graph structure, the ACS concept could apply into the pilot assignment
problem of distributed networks.

As mentioned in Chapter 2, to address this pilot contamination issue, many researchers
have proposed a lot of low-complexity pilot assignment algorithms [26,62-65]. This chapter
aims to provide another perspective to investigate such a challenging pilot assignment
problem. Thanks to the bipartite graph construction, a toplogical structure is imposed on
the network connectivity based on the large-scale fading coefficients, so that only channels
with smaller path-loss than a certain threshold are captured and the network connectivity is

artificially sparsified. Due to the artificially sparsity property, the pilot assignment problem

1©[2022] IEEE. Reprinted, with permission, from [Han Yu, Xinping Yi, Giuseppe Caire, Topological Pilot
Assignment in Large-Scale Distributed MIMO Networks, IEEE Transactions on Wireless Communications,
2022.02
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of distributed massive MIMO can be connected with ACS problem as well.

Based on sparsified network topology, the connection between the pilot assignment
problem and the TIM problem with multiple groupcast message setting is built, so that the
developed coding schemes for TIM using e.g., graph coloring and coded multicasting, can
be applied here for pilot assignment. Instead of analyzing the optimality with respect to
specific topologies in TIM, this chapter proposes two systematic pilot assignment methods
to deal with arbitrary topologies by formulating two non-convex optimization problems.
The first one is a low-rank matrix completion formulation to minimize the pilot dimension
with a given channel estimation pattern. In particular, it minimizes the rank of a partially
determined matrix whose entries are determined by the channel estimation pattern and a
binary pilot assignment matrix. Once the matrix is completed, the matrix factorization is
employed to obtain the binary pilot assignment matrix. The second one is a formulation of
binary quadratically constrained quadratic program to find the optimal channel estimation
pattern with a given training budget (i.e., pilot dimension). Instead of solving the problem
directly, the sequential optimization method is applied to solve it iteratively, and at each
iteration a combinatorial optimization problem is solved to maximize the usage of each
pilot dimension, in the hope to estimate as many channels as possible. By such formulation,
a mixed integer program formulation is proposed via sequential maximum weight induced
matching and a simple yet efficient greedy algorithm. The superiority of two proposed
methods are verified by Monte-Carlo simulation under the cell-free massive MIMO settings,
which show that our approaches have a better ergodic rate performance compared to the
state-of-the-art methods.

Notation: Throughout this chapter, the identity matrix is denoted by e,,. Define
{a;}+ = {a;, Vt} and for the multiple indices, it applies similarly.

5.2 System Modeling

5.2.1 Distributed Massive MIMO

Consider a distributed massive MIMO network with A/ RRHs each with single antenna?
coherently and simultaneously serving K single-antenna user equipment, all of which are

uniformly located in a large area at random. The RRHs operate in TDD mode, so that

2For ease of presentation, the single-antenna RRHs are considered for the derivation, whereas the
extension to multiple-antenna RRHs is straightforward.
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the downlink channel coefficients can be estimated through uplink training due to the
uplink /downlink channel reciprocity in TDD mode. All RRHs are connected to a central
processing unit (CPU) via error-free backhaul links for the purpose of coordination. The
backhaul links are not allowed to exchange instantaneous CSI, while payload data, pilot
assignment strategy, and power control coefficients can be routed and exchanged. It is
assumed M » K, and each user should be served by a sufficiently large number of RRHs in
order to harvest the benefits of channel hardening and favorable propagation. Through the

limited coordination among RRHs, a distributed massive MIMO is formed.

According to the channel model of distributed massive MIMO in Chapter 2, the channel
coefficient ¢,,x between RRH-m and UE-k is modeled as same with equation (2.3) Due
to only single antenna RRH and user is considered, the small-scale fading h,, is a scalar.
In this chapter, the channel coefficients are assumed to be constant during a TDD frame.
A TDD frame consists of uplink training and downlink payload transmission. This work

places focus mainly on pilot assignment and channel estimation.

5.2.2 Uplink Training

Let 7, be the mazimal duration (in samples) reserved for UL training phase, during which
each UE is assigned with a single pilot signal. Such a pilot signal can be generated by
combining multiple orthogonal pilot sequences {1, € C**! ¢ € [T]} with T < 7, being the
pilot dimension actually used for UL training. As such, the pilot signals of different UEs
are not necessarily orthogonal. We impose 11, = §(t, s) to ensure the pilot orthogonality.
Note that T' can be much less than the number of users T' < K, where a pilot sequence can

be reused by multiple users with proper pilot contamination control.

For a specific ¢, a set of binary variables are introduced

: (5.1)

1, if user-k is assigned v, with success
Tkt = .
0, otherwise.

for k € [K] and ¢t € [T]. Specifically, zj; indicates whether or not UE-k makes use of 1, to
generate the pilot signal. As such, the pilot signal sent from UE-k can be specified by

T
Sp,k = +/Tplp Z Tty (5.2)
t=1
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where 7, is the normalized power coefficient such that

N

Z [lsp.xll*] < Topp, (5-3)

where s, 1, is the orthogonal vector that is randomly generated from the MATLAB function

in this chapter, and the random 7,p, is adopted being the average power reserved for each
Kpp

2]}::1 Z$:1 Tkt )

At the m-th RRH, the received pilot signal over T' pilot dimensions can be given by

UE over UL training. For equal pilot power allocation, define 7, =

K
Tpm = Z 9mkSp,k + Wpm (5.4)
k=1
K T
= Tl ), D, GmkThitby + Wpm, (5.5)

k=1t=1

where w,, ,, € CT*! is the AWGN at RRH-m, and is i.i.d. over T with CA/(0, Ir).

Given the above pilot signal, the RRHs check every pilot dimension and try to estimate
certain channels. At the m-th RRH, the received pilot signal is multiplied by every pilot
sequence 1, to estimate the channels from some user-k to RRH-m. Thus, the resulting pilot

signal observed at the output of the ¢-th pilot correlator 7 1 = ¥}'7p ., can be written as

K

fp,mt =/ Tpp Z ImkTikt + Q/Jtpr,m (56)
k=1

= A/ TpMpImkTkt + A/TpTlp Z Imk' Tk't + ";b?wp,m'

K/ #k
The next step consists of recovering g,,; from the received pilot signals and obtain the
corresponding estimates g.,,x. A channel estimate is stable in the sense that MSE satisfies
E[|gmk — Gmr|?] — 0 when p, — o0. The channel coefficient g, can be estimated using

different estimators, such as least square (LS), MMSE. For instance, the MMSE estimate
of g can be produced by

B[ megmi] . N

Gmik = A Tpmt = mt
" E[|7"p,mt’2] m 1+Tp77p2k’ Bk Thrt "pimt;

(5.7)

for some t. The MSE, for which RRH-m estimates the channel coefficient g, through pilot
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1, when user-k is sending pilot 1), as well, can be written as

[E{7} st gmi}
E{|7p,m:[*}
Tpnpﬁikiﬁkt
T+ 7pmp Zk/ ﬁmk’xk’t‘

MSE it = E{gmi]?} — (5.8)

:ﬁmk_

(5.9)

Apparently, obtaining a meaningful estimate of g,,; requires xx; = 1 and x; = 0 for all
k" # k. That is, user-k is assigned pilot 7, exclusively, so that g,,x can be stably estimated
at RRH-m by using v, with diminishing estimation error as p, tends to infinity. If the
user-RRH connectivity is equally strong for any pair of user and RRH, the stable estimate
of all channels requires that each user is assigned a unique orthogonal pilot sequence, so
that the total pilot dimension is at least K.

Nevertheless, it is argued that under the distributed MIMO setting, it is unnecessary to
estimate all channel coefficients between every RRH and every user; rather, the user-RRH
links with negligible contributions can be ignored. As such, over T pilot dimension, let
TE,m represent the indices of users whose channels are stably estimated at RRH-m, and
RE, represent the indices of RRHs that are supposed to serve user-k. While 7g ,, is a
consequence of pilot assignment, Rg j is a system choice that determines the distribution
of users’ data across RRHs. In general, they are not necessarily related.

We hereafter refer to the channel estimation pattern specified by {7g m}m as a bipartite
graph Gg = ([K], [M], £g) with the edge set

EE = {(k,m) 1 ke TEm,Vm}. (5.10)

As a first attempt, in this work those RRHs who are supposed to serve user-k should possess
stable estimates of the corresponding channel coefficients associated to user-k, and those
users whose channels are stably estimated by RRH-m should be served by RRH-m. That
is, m € Rg,, if and only if k € Tg ,,. It follows that the edge set of Gg can be alternatively
represented by the user association pattern &g = {(k,m) : m € Rg , Vk}.

5.2.3 Downlink Data Transmission

Given the channel estimates {g,} keTg.m at RRH-m, conjugate beamforming is employed

to transmit the symbols {qx}re7; ,, to the UE-k. The transmitted signal from RRH-m can
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be written by

1/2 .
Sd,m = /Pd Z nrr{kg;knquv (5.11)
keTE,m

where g, is the desired symbol by user-k satisfying E[|qx|?] = 1, and 5, is the power
allocation efficient associated to the transmitted symbol g; from RRH-m, subject to the

average power constraint at each RRH

1

M
i > Ellsaml’] < pa. (5.12)

m=1

Notably, in order to simplify the system model, the power both data transmission and
training phase are considered same for all users as this chapter concentrates on designing
the pilot assignment strategy of distributed massive MIMO. According to the transmitted

signal, the power constraint can be rewritten as

1 M

m=1 kETEﬂm

where Y = E[|gmk]?]. Thus, the received signal at user-k is given by

ImkSdm + Wd k (5.14)
1

M
1/2 ~ 1/2 N
= \/ﬁ Z nn{kgmk‘g;knka + \/ﬁ Z Z nn{k/gmkg;:kﬂk’ + wq i

rdk =

HNgE

MERE & m=1k'#k,k'€TE m
K
= [rrQr + Z Jr' Qe + W i (5.15)
Kk £k
where
A 1/2 A%
Jrk = /Pd Z Nyt Gk Gk (5.16)
meRE,k’

Thus, the downlink received signal can be seen as an interference channel with channel

coefficients { fi i/ }x 4. Due to the fact that this section is focused to deriving the ideal sum
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rate, it is assumed for convenience that all channel coefficients in (5.16) are known to the
receivers. Then, in the following step, this derived ideal sum rate equation will be used
to design the optimization problem. Take note that, the channel coefficient used in the
experiments is estimated. Taking into account the uplink training overhead, the downlink

ergodic rate [100] is defined as

Re—(1--L)m [log <1 + ikl ﬂ (5.17)
N, No + Zk/¢k|fk,k’|2 ’

where N, is length of the TDD frame in samples, and Ny is the normalized noise power.

5.3 Topological Pilot Assignment

5.3.1 Topological Modeling

Due to the fact that signal power decays fast as the distance increases and the shadowing
effects, some user-RRH links are unavoidably weaker than others and thus both their
contributions to joint transmission or influence as interference are negligible. It suggests
the use of a user-RRH connectivity pattern to model this at least approximately. Different
from our ACS graph representation of Chapter 3 and Chapter 4, three types of links are
considered: (1) Strong links, representing the channel estimation pattern whose links should
be estimated; (2) not-too-strong links but non-negligible, which can be ignored for channel
estimation but should be considered for pilot assignment because they may cause pilot
contamination; and (3) weak links, which are not considered for channel estimation and their
impact on pilot contamination is also negligible. It is worth noting that strong links specify
which RRH serves which UE, and the not-too-strong links are responsible for the pilot
contamination. Thus, another weighted bipartite graph G = ([K],[M],€) is introduced
in Fig. 5.1 (Left) to represent the user-RRH connectivity (i.e., network topology), where
[K] is the index set of UEs, [M] is the index set of RRHs, and £ is the collection of the
edges with weights {3,,1}m k. The UE-k is said to be connected to RRH-m, i.e., (k,m) € &,
if and only if 8,1 > 63, where the threshold dg is a crucial designing parameter. Let
us denote by T,, = {k : (k,m) € &} the indices of users connected to RRH-m and by
Ry = {m: (k,m) € £} the indices of RRHs connected to user-k.

The network topology G captures both channel estimation pattern Gg (i.e., solid lines in

Fig. 5.1) that specifies the to-be-estimated channel pattern with significant contributions,
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User User

Figure 5.1: Left: Topological modeling for a distributed massive MIMO network as a partially-
connected bipartite graph, where all edges (including all solid and dotted ones) represent the
user-RRH connectivity, i.e., £(G), and the solid edges represent the channel estimation pattern,
i.e., Eg(Gr). Right: A possible pilot assignment strategy, where different colors indicate distinct
orthogonal pilot sequences. The colored edges cover the channel estimation pattern £g(Gg). By
this pilot assignment, all users’ channels of interest can be estimated stably because no pilot
contamination is incurred at the RRHs.

and the non-negligible interference pattern (i.e., dotted lines in Fig. 5.1) that has negligible
contributions to joint transmission yet non-negligible influence as interference, whereas
the weak links (i.e., those not connected in Fig. 5.1) are not considered. We would like
to emphasize that, both Gg and G are artificially imposed topological structures for the
design of pilot assignment, and in practice the network is fully connected and all three
types of links are present. That is, no matter whether the link is strong or weak, the
interference of joint transmission and pilot contamination are always present and should
be considered in performance evaluation. Given G and Gg, a topological pilot assignment
(TPA) problem is formulated, dedicated to pilot assignment with such artificially imposed
network structures. Without loss of generality, we assume £ < £ that only strong channels

should be estimated.

Definition 1. Given a user-RRH connectivity pattern G = ([K], [M],E), the TPA problem

consists of two subproblems:

e Pilot Dimension Minimization, which focuses on allocating pilot sequences to minimize

pilot dimension T for a predetermined channel estimation pattern Gg;

e Channel Pattern Optimization, which is dedicated to determining the optimal channel

estimation patterns Gg for a given pilot dimension T'.

It is worth noting that both subproblems rely highly on the choice of 63 that determines
the network topology G. A larger 63 makes the resulting topology sparser, so that a smaller

T is able to estimate all channels of the sparse network, while the uncaptured channels that
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are consequently not estimated may cause severe interference. On the contrary, a smaller dg
leads to a denser network topology, so a specified pilot dimension may not able to estimate
all channels of interest, while the non-estimated yet captured channels may cause severe

degradation as well.

5.3.2 Pilot Dimension Minimization

The pilot dimension minimization subproblem aims to assign each user a combination of
orthogonal pilot sequences with minimal pilot dimension 7" for a specified channel estimation
pattern Gg, so that all channels of interest can be properly and stably estimated. For
instance, when user-k is using the pilot 1,, any RRH-m is supposed to be able to estimate
the channel g, if (k,m) € £ and the pilot signal at RRH-m is not contaminated by other
users using the same pilot ¥,. Meanwhile, for a specific RRH-m, any other user-j who has
a strong channel connection to RRH-m, i.e., (j,m) € £ due to S,,; = d3, is not supposed to
use the same pilot 1, simultaneously. Otherwise the use of pilot ¢, at both user-k and
user-j will result in pilot contamination at RRH-m so that the channels g,,; cannot be
stably estimated at RRH-m.

Example 1. A feasible pilot assignment is shown in Fig. 5.1 (Right), in which two
orthogonal pilots are assigned to estimate the channels of interest. In Fig. 5.1 (Right), the
edges in Eg are colored using two distinct colors, each of which represents an orthogonal
pilot. Thus, given two orthogonal pilot sequences 1, 4 € R>*! UE-1 and UE-3 send Py,
UE-2 sends the pilot v, and UE-4 sends the combination of two pilots ¥, + 1. Then,
RRH-{1,4,6,7,8} see the uncontaminated pilot signal and can estimate the corresponding
channels, whereas RRH-{2,3,5} see the combination of two orthogonal pilot signals, and

can estimate both channels stably over two timeslots by e.g., zero-forcing.

5.3.3 Channel Pattern Optimization

The channel pattern optimization subproblem is to decide which channel to be estimated
given a total budget (e.g., pilot dimension) during the training phase.

Let us denote by T, = {k : (k,m) € £} the indices of users connected to RRH-m and by
Ry = {m: (k,m) € £} the indices of RRHs connected to user-k. Given two user-j, k such
that j, k € T, the channels g, and g,,; cannot be estimated at RRH-m using the same
pilot sequence. That is, with a single pilot sequence, each RRH can only estimate at most

one channel. On the other hand, given two RRH-m, n such that m,n € Ry, the channels
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gmi and gni can be estimated at RRH-m and RRH-n using the same pilot sequence. That
is a single pilot could be used to estimate multiple channels originated from the same user.
As shown in Fig. 5.1 (Right), for the pilot sequence denoted by red edges, each RRH
estimates at most one channel and multiple channels may from the same user.

The above rule yields the channel pattern that can be estimated by a single pilot
sequence. Given a fixed pilot dimension (i.e., the number of orthogonal pilot sequences), the

objective of this subproblem is to maximize the total number of channels to be estimated.

5.3.4 Connection to Topological Interference Management

A closer look at the TPA problem reveals the similarity to TIM with message groupcasting
[101]. Both TPA and TIM problems aim to exploit topological information for transmission
in partially-connected interference networks without knowing channel coeflicients at the
transmitters.

The TIM problem aims to deliver messages and the goal is to maximize the minimal
(symmetric) degrees of freedom dgym, achieved by all desired messages across all receivers.
The groupcast message setting specifies that a message originated from a transmitter may
be desired by multiple receivers, such that a message multicasting will benefit multiple
receivers. In the TIM setting, G and Gg represent the network topology and desired message
pattern respectively.

The TPA problem aims to estimate the channel coefficients given the known pilot
symbols, and the goal is to figure out how orthogonal pilot sequences are allocated to
minimize the pilot dimensions T'. It is feasible that all channels associated to one UE can be
trained by one pilot sequence sent from this user. In the TPA setting, G and G represent
the network topology and channel estimation pattern respectively.

Intuitively, if the channel coefficients are treated in TPA as the symbols of the unknown
messages in TIM, the pilot assignment in TPA can be obtained from the beamforming
vectors of the encoding schemes for TIM. Note that the pilot signals of TPA come from a
combination of multiple orthogonal pilot sequences 1,, the selection of which is controlled
by the binary-valued pilot assignment parameters {x;}, and for the beamforming vectors of
TIM, there are different feasible designs, which are not necessarily binary-valued. Therefore,
as long as the beamforming vectors obtained for TIM can be represented as a linear
weighted (binary-valued) combination of the predetermined orthogonal pilot sequences,

these binary-valued weights yield the pilot assignment for TPA. Given a linear coding
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Figure 5.2: The conflict graph of Example 2.
scheme for TIM groupcasting, it has been translated to a pilot assignment scheme for TPA,

which yields T = ﬁ, where dgyr, is the symmetric degrees of freedom under the TIM
setting. In light of such a connection, the well-designed coding schemes can be borrowed
from TIM to TPA. In what follows, two simple methods are presented for the purpose of

illustration: one is based on vertex coloring, and the other one is coded multicast.

Vertex Coloring

Given the network topology G and the desired message pattern Gg, the conflict graph
Ge = (Ve, &) is constructed firstly. Every edge (k,m) € Eg(Gg) corresponds to a vertex
Vkm € Ve(Ge). That is Ve = {vgm : (m, k) € Ep(Gr)}. Two vertices vy, and vy, are

connected, i.e., (Vgm, Vi .m/) € Ec(Ge), if and only if
e k # k', indicating that two channels are not originated from the same UE, and

e cither (k,m’) € £(G) or (K',m) € £(G), indicating that (1) two channels are joint at
one RRH, i.e. m = m/, (2) UE-k interferes RRH-m/, or (3) user-k’ interferes RRH-m.

Note here that, for the conflict graph, the vertex set V.(G.) is determined by the edge set
Er(Gr), while the edge set £.(G,) is determined by the edge set £(G).

Coloring the vertices of the conflict graph ensures that the adjacent vertices (correspond-
ing to conflicting channels) receive distinct colors (corresponding to distinct orthogonal
pilots sequences). The vertices with the same color can be assigned the same pilot sequence
without causing contamination in the training phase, so that the corresponding channels

can be stably estimated.

Example 2. The conflict graph G. of the network topology G in Fig. 5.1 is constructed in
Fig. 5.2. In this figure, the vertex v, is denoted by the tuple (k,m), representing the channel
between UE-k and RRH-m. In Fig. 5.2, the channels (1,1) and (1,2) are originated from the
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same UE-1, so they are not conflicting and thus can be assigned the same pilot; the channel
(1,1) is conflicting with all (2,2),(2,3),(2,5),(2,7) and (4,4), because UE-2 interferes RRH-
1 and UE-1 interferes RRH-4 that satisfy the second and third conditions of constructing
conflict graph. As such, there links cannot be estimated with the same pilot sequence p,.
Note also that the node (4,8) does not conflict with any other nodes so that be assigned
either in purple or red. As a result, the channels {(1,1),(1,2),(3,3),(3,5),(4,7), (4,8)}
receive the same color, so that these channels can be estimated by using the same pilot
sequence. The same applies to the channels {(2,2), (2,3),(2,5), (4,4), (4,6)}. Thus, it can be
figured out that UE-{1, 3} use one pilot sequence, UE-2 uses another one, and UE-} uses the
combination of those two. In this example, the pilot assignment strategy is non-orthogonal

because UE-/4 uses the pilot signal that is the combination of two orthogonal pilots.

Coded Multicast

When the network topology coincides with the desired message pattern, i.e., G = G,
meaning that all channels captured in the network topology should be estimated, coded
multicasting method proposed in TIM can be used to assign pilot sequences. Letting
T = maxy,|Tm|, a (K,T) maximum distance separable (MDS) code can be designed with a
T x K generator matrix in which any 7" columns are linearly independent. The columns of
this generator matrix can be used as pilot sequences, and each UE select one of them to
use. At the RRHs, each of them obverses a combination of at most T pilot signals and is

able to estimate all channels.

Example 3. In Fig. 5.1 (Left), suppose all channels should be estimated. We have
max,|Tm| = 3, and hence a (4,3) MDS code generator matriz can be constructed. Roughly
speaking, four pilot sequences 1 34 € R3*L are selected from the generator matriz, and
any three of them are linearly independent. UE-k chooses pilot sequence v, and at RRH-4,

the following combined pilot signal is received (with noise term omitted)

Ty = ga1Pq + G433 + Guahy

and since {1, }1=13.4 are linearly independent, the inverse [1), 15, v,] 1Py yields the esti-

mates of channel coefficients {ga1, ga3, gaa}-

The optimality of TIM under the groupcast setting is in general an open problem. The

state-of-the-art coding schemes focuses on the information-theoretic optimality with respect
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to some classes of network topologies and are therefore topology-dependent. In this chapter,
as the pilot assignment strategies are interested in, achievable schemes are aimed to design
in a systematic way although their information-theoretic optimality may be challenging to
analyze.

In what follows, a pilot assignment problem given Gg is known is formulated firstly,

followed by the channel pattern optimization problem with a given pilot dimension budget.

5.4 Pilot Dimension Minimization

In this section, the pilot dimension minimization problem is considered given the network

topology G and a specified channel estimation pattern Gg for the uplink training.
Denoting by @y = [zk1, Tr2, - - -, Ter]", and W = [y, ..., 7], sk = Pz is defined.

Each RRH-m performs “local” interference mitigation/cancellation by combining the

projections on the individual pilots ¥; and multiplying by a constant full-rank matrix

C,, € R™*T The resulting pilot signal 7, = C,,, 7}, ;» can be rewritten as
K
~ H H
Tm = v Tpnpcml:[l Z Imk ¥y + Cp P Wp,m (518)
k=1
= +/TpTlp Z CnTrgmk + A/ To"p Z Cinxigmk
k:(k,m)eSE k:(k,m)eg\é’E
desired p:iTot signal signiﬁcant‘i:lterference
+ Vo Z CrnTrgmk +Cm‘IIH'wp,m, (5.19)
k:(k,m)¢E

~
negligible interference

where C,, is used to simplify problem formulation by avoiding an incomplete matrix with
binary entries and will be determined later. It can be verified that as long as the channels
are estimated from 7, ,,, they can be stably estimated from 7, as well with high probability.

For a given m, to recover {gmx : (k,m) € Eg, Yk} stably, it should be guaranteed that the
vectors of coefficients in {C,,xy : (k,m) € Eg, Yk} are linearly independent. To guarantee
stable estimation, let the significant interference go to zero, i.e., Cp,xr = 0 if (k,m) € E\Ep.
The negligible interference does not contribute too much because the path loss 5,1 is small
according to topological modeling, and therefore {C, ) : Y(k,m) ¢ £} do not really matter.

In what follows, a low-rank matrix completion and factorization method is proposed to
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calculate the minimum pilot dimension 7" and the pilot assignment vectors {@ }.

5.4.1 Low-rank Matrix Completion and Factorization

For the sake of problem formulation, the matrix is constructed with a specific T firstly which
is in fact unknown a priori, and then remove the dependence of T'. Collecting all vectors to
form a big matrix, C = [CY,...,C},|" € RMTXT and X = [xy,...,xx]" € {0,1}5*T, Let
A= CXTeRMT*K and [A]im,k = Cpxy, € RT* where Z,,, = {(m — )T + 1,...,mT}.

Thus, the matrix form of the received pilot signal can be given by

Tm = \/ TpnpAmgm + Ny, (5'20)

where A,, = [A]fm . is the submatrix of A indexed by the rows Z,,,, and 71, = C,, " "wy, .
Note here that, only the channels {g,,x : (k,m) € Eg} are of interest to be estimated, and
our goal is to figure out the matrix A with rank 7" which depends only on two patterns G
and Gg.

To minimize the pilot dimension, 7" is defined as
T = minrank(A), (5.21)
where A is a partially filled matrix and is supposed to possess the following property:

émk, if (k,m) € EE
[Alz, =19 0, if(k,m)e&\p (5.22)

*, otherwise

where €, is any nonzero vector, and = is any indefinite T' x 1 vector. To ensure that the
channels of interest {gmk, (k, m) € Eg} can be stably estimated over T" pilot dimensions, the

following should be satisfied:

rank([A]jm’TE’m) = |Te,ml- (5.23)

For simplicity, [A]z 7., can be chosen from the columns of the identity matrix Ir.
Observing that each RRH is not connected to all users, it is noted that some rows in A
may only have zero or indefinite elements. The rank minimization is prone to turning these

rows to be all zero, i.e., by setting indefinite elements to be 0. As such, these rows from A
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can be removed safely without reducing the rank. Because RRH-m has |7,,| connected UEs,
so there are |7,| nonzero vectors with a single nonzero element in {[A]n1,. .., [A]lm.x}
and the rest is indefinite. By this, we only need the |7;,| rows with nonzero elements in
[[Almi,- -, [A]m.x]tobekept. In doing so, a modified matrix A has in total 2%21]7m|

rows and possesses the following property:

Cmk, if (k,m) € 5E
[Alz,xr =13 0, if (k,m)e&\Eg (5.24)

*, otherwise

where ¢, can be any |T,,| x 1 vector, Z, = {375 | Towr| + 1, -, 37, [Tow|}, and the
full column rank property of [A]z,, 75, should be maintained. Thus, the low-rank matrix

completion problem formulation can be written as

T = mfiln rank(A) (5.25a)
s.t. rank([Alz, 7%.,.) = [ TEml, Ym. (5.25Db)

where A follows the structure in (5.24). This matrix completion problem is known to be
difficult to solve. Instead of pursuing the unique completion as in the literature, finding
one feasible solution with any properly filled indefinite entries are only interested in. Thus,

for a given rank r, this problem is reformulated as a feasibility problem as follows

find A, s.t. rank(A) <, rank([A]z,, 75,.) = | TEml, Ym. (5.26)

Thus, denoting by M = Z%:1|Tm|, rm = |Teml|, and I, = {>0 _|Tow| + 1 :

> -1 T | + Tm}, three constraint sets are defined:

Sq = {AeRY*K . [A]g =0} (5.27a)
Sy = {A e RM*K : pank(A) < r} (5.27D)
Sap = {AeRM K (Al 7 =1, .Ym}, (5.27¢)

where Q = {(Z,, k) : (k,m) € E\ER}, Qr = {(Tmn, k) : (k,m) € Eg}, and ey, is the k-th

column of the identity matrix I}7, .

Such a low-rank matrix completion formulation is a generalized version of that for the
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multiple-unicast TIM problem [102]. The intuition behind it is the min-rank solution in the
index coding problem [103]. Jafar has established the equivalence between index coding and
TIM with respect to linear coding schemes [101]. The use of low-rank matrix completion to
find the min-rank solution has been proposed in [104] for index coding and in [102] for TIM
with alternating projection approaches (and later on in [105] with Riemannian pursuit),
where the multi-unicast message setting was considered. In this work, the low-rank matrix
completion formulation for TIM is extended from the multi-unicast to groupcast settings.
In a similar way, a low-complexity alternating projection method [102] can be adopted to
obtain a feasible solution (see Alg. 3) by projecting iteratively on the above constraint
sets, e.g., Ps(A) is to project A onto the set S. In particular, Ps, (A) can be done by
singular value decomposition followed by selecting the largest r singular values and the

corresponding subspace.

Algorithm 3 Matrix Completion via Alternating Projection
Input: G, Gg.

1: forr= K K—-1,...,1do

2: Set k = 0, and randomly generate A%, BY
3 while |A¥ — BF||2 > ¢ & k < Itjax do
4 B} — Ps,(AF)
5: Alv? A PSQ(B:‘C) +PSQE (Brl?)
6: k—k+1
7
8
9:

c RMXK

end while
If k < Itmax then Update A < Aff and break end if
end for

Output: T =r, A.

Once A is completed, inserting zero rows gives us the original matrix A. Then the
matrix A will be factorized into a real matrix C and a binary matrix X, i.e., A=CXT
where C € RMT*T and X e {0,1}%*T. This is a matrix factorization problem with binary
component that arises in various problems, such as blind binary source signal separation and
network component analysis. Although no existing algorithms guarantee the exact unique
factorization due to the non-convexity, some efficient algorithms were proposed to yield
a feasible solution. The problem can be efficiently done by adopting the low-complexity
algorithm in [106], by which a feasible pilot assignment & = X}, is obtained for all k. Once
the pilot assignment {xy}y is determined, the MMSE channel estimator as in (5.7) can be

applied to produce channel estimates {Gmk }m.k-
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5.5 Channel Pattern Optimization

When the channel estimation pattern is unknown a priori, the pilot assignment needs to be
done together with the optimization of such a pattern. In what follows, the pilot assignment
problem given a budget of pilot dimension 7" is considered when Gg is unknown.

Taken a closer look at each pilot assignment indicators {zx;}, each pilot should be used
to estimate at most one channel at each RRH. To this end, another set of binary variables

{ymt} are introduced such that

(5.28)

1, if RRH-m estimates using 1, with success,
Ymt = .
0, otherwise,

where y,,+ indicates whether or not the pilot 1, is useful for channel estimation. In terms
of success, the channel between RRH-m and user-k can be stably estimated when UE-k is
assigned with the pilot 19, and RRH-m is using the same pilot 1,.

It is further assume that each pilot 1, at RRH-m can at most estimate channels from x

UEs connected to RRH-m by e.g., zero-forcing. Thus, the following constraint is written as

Z TtYmt < K, Vm,t (5.29)
keTm

where k = 1 means RRH-m is dedicated to one single UE for pilot 1.

For ease of presentation, a topology matrix T € {0, 1}**M is defined as follows:

[ﬂm={1’ﬁ%mﬁg@) (5.30)

0, otherwise.

Given the budget of pilot dimension T, the objective of pilot assignment is to make sure

that as many strong channels as possible can be stably estimated by pilot {1,}_;. That is,

T M K
max Z Z [ BT kmTitYmt (5.31a)
S B Pl |
K
s.t. Z [TkmTrtyme < Kk, Vm,t (5.31b)

k=1
Tk, Ymt € {0, 1}, Vh,m,t (5.31c)
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where [Br]km = Bkm, and the objective is to find a set of triples (m, k,t) with maximum

sum weights {3,,1}. For any given (m,t), the selected triples are subject to the constraint
(5.29).

5.5.1 Binary Quadratically Constrained Quadratic Programming

The above optimization problem can be rewritten in a matrix form as

.
I)Ifla;,c vx Qovy (5.32a)
st vxQmivy <K, Ym,t (5.32b)
vx € {0, 1} vy € {0,1}MT (5.32¢)

where vx = vec(X) and vy = vec(Y') are vectorization of the corresponding matrices, and

Qo= (BroT)®Ir (5.33)
Qn:=(TO(1xk®e,,)) Rdiag(e;) (5.34)

in which 1g is the K x 1 all-one vector, e,, is the m-th column of I;, and e; is the t-th
column of Ip. This is a binary quadratically constrained quadratic program (BQCQP), in
which two set of binary parameters {zx;} and {y,,+} are interacting each other. This type
of problems is known to be difficult to solve. A possible approach is to relax the BQCQP

problem by semidifinite program (SDP) relaxation as in [107].

5.5.2 Sequential Maximum Weight Induced Matching (sMWIM)

A more tractable solution is to consider each pilot sequentially, so that for each pilot, we
assign it to as many UE-RRH links as possible, and after T' sequential assignment, the
resulting assignments are expected to achieve a good approximation of the original problem.

First, let us focus on the pilot assignment for a given pilot sequence ¥, and a given
network topology G. The goal is to assign the same pilot to as many user-RRH links as

possible. The optimization subproblem can be formulated as follows:

K
max [ BT km Tkt Ymt (5.35a)

1k=1

HNE
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M
st 2 < ) [TlemYmes Yk (5.35b)
m=1
K
Ymt < Z [Tlkm>re, Ym (5.35¢)
k=1
K
DT kTt < Kyt + K (1= yms), ¥ (5.35d)
k=1
Tkt, Yme € {0, 1}, Vk,m (5.35€)

where (5.35b) indicates that if user-k is assigned the pilot v, then there is at least one
RRH with strong connections to user-k is able to estimate the channel coefficient by using
the pilot ,; (5.35¢) indicates that if an RRH can estimate the channel coefficient using
pilot %), then there is at least one user sending such a pilot; and (5.35d) guarantees that
if the RRH-m can estimate the channel coefficient using the pilot 1), there exist at most
k users with strong connectivity to this RRH that can be assigned with this pilot. These
constraints are to ensure that of (5.29). Note that there is not a similar constraint of
(5.35d) for users, meaning that one user can use the same pilot to train multiple channels

as long as the RRHs are capable to do so.

This can be recognized as a modified version of the classic maximum weight induced
matching problem in a quadratic programming form. Here the difference from the conven-
tional induced matching is that, (1) there may exist multiple edges originated from the
same k, corresponding to the scenario that the channel coefficients from a user to multiple
RRHs can be estimated at these RRHs using the same pilot; (2) there exist multiple edges
from the same m, meaning that channels from multiple users can be estimated at the same
RRH.

Let us linearize it into the following form by introducing an auxiliary variable z,,k; =

TptYmt:

M K
max Z Zﬂmkzmkt (5.36a)

s.t. (5.35b) — (5.35¢) (5.36b)
Zmkt < Ty,  V(k,m) €& (5.36¢)
Zmkt < Ymit, V(k,m) €& (536(].)
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Zmkt = Tt + Yt — 1, Y(k,m) e & (5.36e)
Zmkt € {07 1}7 vm) k (536f)

where these additional constraint is to ensure that z,,;; = 1 if and only if zx = Yy = 1.
In general, this optimization is a linear integer program, and can be solved by applying
off-the-shelf solvers. Taking a closer look at the additional constraints for {z,x:}, it is
observed that (5.36f) can be relaxed without loss of optimality, that is, z,,x: € {0, 1} can be
relaxed to z,x: € [0, 1], owing to the integer-valued {xg:}x and {ymi}m. For a large-scale
network with large M and K, as the computational complexity of (5.36) is still prohibitively
high, following the Benders’ decomposition in [108], the variables {xk¢, ym¢} can be separated

from {z,,1¢} to reduce complexity.

Then, (5.36) can be solved sequentially with reweighed S, so that the assigned UE-
RRH link (k,m) will not be reconsidered later. Benders’ Decomposition is to first search for
a feasible induced matching by optimizing a master problem with variables {@¢, Ymt },m and
the constraints (5.35b) - (5.35¢), followed by a slave subproblem to maximize the objective
function (5.36a) with variables {zmkt}km and the constraints (5.36¢)-(5.36f). The master
and slaver problems will be connected with a refined cut as defined below. Specifically, in
order not to select the same set of edges as induced matching for different pilot dimension,
T® is introduced to denote the remaining network topology with the selected edges in the
previous pilot dimensions removed, where T'©) represent the initial network topology G.

Thus, the master problem turns out to be

M
max Z Ymt + L (5.37a)
m=1
M
st ap < O [T pmyme, Yk (5.37h)
m=1
K
Ymt < Z[T(t)]kmxkt, vm (5.37¢)
k=1
K
ST ONmne < kgt + K1 = yme),  ¥m (5.37d)
k=1
M K )
L< > > L@kt Ymt) (5.37¢)

m=1k=1
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Tity Ymt € {07 1}7 Vk) m, (537f)

where (5.37¢) is the Benders’ cut that will be determined later. Denote by ({&¢ i, {Gmt bm» L)

the optimal solution to the master problem. The slave problem can be given by

max % i (B Zimkt (5.384)
m=1k=1

st. Zmkt < Tk, VYV(k,m)e& (5.38b)

Zmkt < Ymt,  V(k,m) €& (5.38c¢)

Zmkt = Tt + Jme — 1, V(k,m) €E (5.38d)

Zmkt =0, VYm, k (5.38¢)

whose dual problem can be given by

M K
min Z Z (akmcﬁkt + bemUmt + Clm (Trt + Gmt — 1)) (5.39a)
{akmukan)Ckm} m=1k=1
s.te i + b + Com = [BY ljms VE,m (5.39b)
Ofm = 07 bkm = 07 Ckm < 0, V(k:,m) et. (5390)

Let the optimal solution to (5.39) be {Gxm, I;km,ékm} The updated Benders’ cut can be
refined by

~

L* (xkta ymt) = QkmTht + Bkmymt + ékm(xkt + Ymt — 1)- (5'40)

The sMWIM algorithm is summarized in Alg. 4. It has a multi-round procedure. In
each round ¢, the maximum weight induced matching over the remaining network topology
T®), by solving both the master and slave problems (5.37)-(5.38) iteratively, until the
update of Benders’ cut stabilizes. The algorithm continues until ¢ exceeds the maximum
pilot dimension Tiyax or all edges in G are assigned with a pilot. It is worth noting that the
approach assigns orthogonal pilots to each user-RRH link individually, such that one user
may be assigned with the combination of multiple pilots finally, each of which is dedicated

to some user-RRH links.
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Algorithm 4 Sequential Maximum Weight Induced Matching (sMWIM)
Input: T, By, Ty, k-
1: Initialization: T() =T, BY) = By, t = 1
2: while ¢ < Typax & T >0 do
3 Setj=1, Li(t) = |BY |1 Li(t) =0
while [L¥(¢) — L7_;(t)| > e do
Solve (5.37) and obtain {zj}r and {Ymt}m
Solve (5.38) and obtain {zmkt}k.m
Update L7 (t) < L*(x ks, yme) according to (5.40)
Update j «— 5 +1
end while
10: Update [T V] < [TO]gm — Zmke, for all k,m
11: Update Béfﬂ) — Bg) o T+
12: Update t «— t + 1;
13: end while

Output: {xkt}k,ta {ymt}m,ta T=t—-1.

5.5.3 Greedy Algorithm

While the sSMWIM algorithm gives us a tractable solution, the computational complexity
of the mixed integer program formulation usually scales with the number of parameters,
even if Benders’ decomposition is applied. By revisiting the formulation in (5.35), the
TPA problem is formulated as a many-to-many matching problem instead of the induced
matching, for which a greedy algorithm is developed to find a feasible solution.

By letting zmkt = TktYme, for the t-th round, the optimization (5.35) can be replaced by

a many-to-may matching problem with the following linear integer program formulation

K

M

max Z [ng]k Zimkt (5.41a)
m=1k=1 m
K

s.t. Z Zmkt < K,  Vm (5.41b)

k=1
M
D Zmkt < Ku,  k (5.41c)

m=1

Zmkt €{0,1},  Vm, k (5.41d)
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where k and k, denote the maximum number of users that each RRH could serve and
the number of connected RRHs per user, respectively. For simplicity, « and k, are set as
constant integers throughout the iteration. The above many-to-many matching problem is
also known as the GMAP [94].

To solve the GMAP in an efficient way, a greedy algorithm is developed as shown in
Alg. 5. Given the initial network topology G, which can be constructed with or without
RRH selection, at most Tihax rounds are taken to assign pilot sequences to different UEs.
At the ¢-th round, an auxiliary adjacency matrix T'(*) (and the corresponding path loss
matrices Bg) ) is introduced to indicate the remaining network topology to be considered
for pilot assignment. Once the users are assigned with pilots, they will be removed from

consideration, which yields an updated T(t+1) (

see Line 27 in Alg. 5). It is worth pointing
out that T® is usually not equal to T® in the previous section, because of the use of

different matching algorithms.

At the t-th round, a pre-selection procedure is proposed to identify the network topology
T® for the many-to-many matching. First, a binary matrix Téfgx is introduced to indicate

the position of the maximum coefficients, defined as

(5.42)

_ L, i [BW ] = mas {[BY i)
]k:m = .
0, otherwise,

(t)

Tomax = Bg,f) ® ngx to pre-select the maximum

and the corresponding path loss matrix B
coefficients. In each round, if there are multiple users that compete for the same RRH,
then only the one with the largest path loss coefficient will be considered in this round, and
the rows corresponding to other competing users in Béf) will be set to zero (see Lines 5-8
in Alg. 5). In doing so, it is tried that ensure each user can be served by the dominant
RRH with the largest path loss coefficient and avoid the competition for the dominant
RRH between users in the same round. Second, for the selected users, if the number of
connected active RRHs is larger than k,, then only the RRHs with the largest x, path loss
coefficients will be considered, and others will be removed from the topology (see Lines
9-11 in Alg. 5, where max? A is to choose the largest p elements from A). By doing so, the
constraint (5.41c) is automatically satisfied. Third, RRHs are selected that do not satisfy
the constraint (5.41b) and make the decision to either switch off these RRHs (i.e., ¥y = 0)
or some UEs (i.e., zx; = 0) to make (5.41b) satisfied (see Lines 14-21 in Alg. 5). To make
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Algorithm 5 TPA via Greedy Algorithm

IHPUt T BT7 max; Ry Ry
1: Initialization: TW = T, B(Tl) =Bpr, t=1
2: while ¢ < Tinay & T > 0 do
3 Set FLAG = 1, TW =70, BY) = B ), = y,y = 1 for all k € [K],m € [M]

4: Update Trgw)m and B(T)max according to (5.42)

5 for me {m': 31| max]km/ > 1,Ym’ € [M]} do

6 Update T® such that [T®],. = 0, V& ¢ arg max;{[B]im}

7: Update B( ) B(t) @T(t)

8: end for

9. for ke {k : XM yt[TD]pm > ku, V&' € [K]} do

10: Update T such that [T®)];,, = 0, ¥Ym ¢ arg max"{[B )]km}
11: end for

12: Define profit and cost matrices P®*) and C® as (5.44) and (5.45)
13: while FLAG do

14: Select the RRH m such that Zle Lt [TO] i > &

15: Compute (5.43) as ®° if the RRH-m is not selected, i.e., 23; = 0

16: Compute (5.43) as ®* if only x UEs with largest elements in Bg) are selected
17: if ®® > @ then

18: Yt = 0, and [TO],, = 0, Vk € [K]

19: else

20: gt = 0, and [T®]s,, = 0,¥m € [M], k ¢ max*{i : [B ]y, i € [K]}
21: end if

22: Update Bgf) — Bg) @T(t)

23: if Y 2 [TO)n < K, Ym € [M] then

24: FLAG =0

25: end if

26: end while

27 Update [T D], < [T — xxe, Yk, m
28: Update B(Hl) g,f) o T+

29: end while

Output: {xkt}k,ta {ymt}m,t
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the decision, the following evaluation function is introduced for the ¢-th round

M
o0 = Y

m=1

K
> @t ([P OTion = SC D ) (5.43)
k=1

where 0 is a predefined parameter to compromise between profit and cost, defined as

K
[Py, = Z[Bg)]km[Béf)]jm, (5.44)
j=1
X (1 (T
j=Lj#k

for all k£, m. It is worth noting that both profit and cost matrices rely only on the path loss
information {f}m,k for assignment, which is different from the existing approaches in the
literature. A similar approach was also demonstrated to be effective and efficient in ACS in
FDD massive MIMO systems [109].

5.6 Numerical Results

In this section, the proposed TPA algorithms via simulations are evaluated under the
cell-free massive MIMO settings [20]. A square area of 1 km x 1 km is considered in the
dense urban scenario where M RRHs and K users with single antenna are uniformly located
at random. To avoid the boundary effects, we also let the area be wrapped around for the

random placement of RRHs. The large-scale fading coefficient (,,; is modeled as follows:
10 loglo(ﬁmk) = PLpk + osunime, (546)

where PL,,,; represents the path loss (in dB) between RRH-m and user-k, and o, denotes
the standard deviation (in dB) of shadow fading with n,,; ~ N¢(0,1). This chapter mainly

focuses on the uncorrelated shadowing model for simplicity. In the simulation section, a

three-slope path loss model [26] is considered. Specifically,
—L — 1510g10(d1) —20 loglo(do), if dmk < d()
PL;w = { —L — 15log;o(d1) — 201ogo(dmk), if dg < dpmi < dy (5.47)

—L — 35logyo(dmr), if dipie > dy
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where d,,; is the distance (m) between RRH-m and user-k, and we use Hata-COST231
propagation model when d,,; > di with dy = 10 m and d; = 50 m. Here, define

L = 46.3 + 333.91og(f) — 13.821og;¢(he) — (1.110g1o(f) — 0.7)hy + (1.56log o (f) — 0.8),

where f is the carrier frequency (MHz), and h, and h,, are the heights (m) of RRHs and
UEs, respectively. The values of these system parameters are summarized in Table 5.1. The

following baseline pilot assignment algorithms are chosen for comparison.

e Semi-random [26]: Each user randomly chooses one orthongonal pilot, so that for

each pilot dimension, [%1 users are randomly selected.

e Cell-free greedy [26]: K users are assigned with K pilots randomly, and the users
with low downlink rate will be iteratively reassigned with new pilots to minimize pilot

contamination.

e Structured policies [60]: The user group scheme with RRH selection is adopted.

This is a state-of-the-art pilot assignment method for cell-free massive MIMO.

e TPA LRMC+Semi-random: Alg. 3 is applied to obtain the minimal dimension

of the required pilots, and the semi-random method is adopted for pilot assignment.

e TPA sMWIM: Alg. 4 is applied to find the set of binary values {xj}x; such that
the pilot 1, will be assigned to the user £ when xp; = 1.

e TPA greedy: Alg. 5is applied to find {@p}r, such that the pilot 1), will be assigned

to the user k£ when x; = 1.

Unless otherwise explicitly specified, M = 100, K = 40, and &, = 20 are considered in
our simulations. Table 5.1 lists all system parameters. G = 30% is used to indicate that
30% of UE-RRH links with largest {8} will be considered for channel estimation.

In Figure 5.3, compare the cumulative distribution function (CDF) of the downlink
achievable rate per user of the proposed algorithms with that of the existing methods [26,60)].
For the proposed TPA algorithms, x = 2 and G = 75%are adopted. For the user group
method of [60], T" = 16 pilot dimension is chosen, and for the semi-random and the greedy
algorithms in [26], the pilot dimension is T = 15 to best exploit the potential of their
methods. It can be observed that the proposed sMWIM and greedy algorithms outperform
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Table 5.1: System Parameters

Parameters Values
Cell range 1km x 1km
Carrier Frequency 1900 MHz
Bandwidth 20 MHz
Power p, / pq 100mW /200mW
Noise power spectral density -174 dBm/Hz
Antenna Height RRH/UE 15m/1.65m
Shadow Fading ogy 8 dB
Noise Figure 9 dB
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Figure 5.3: The CDF of the downlink achievable = Figure 5.4: The downlink achievable sum rate
rate per user with G = 75% and x = 2. versus pilot dimension 7.
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all others in 90%-likely spectral efficiency, while the structured user group method has the
best 10%-likely rate performance.

In Figure 5.4, the sum rate performance versus the pilot dimension 7" is considered for
all pilot assignment algorithms. For the proposed algorithms, the different connectivity
when G = 30%, 50%, and 75% with x = 2 also be considered. For comparison, the proposed
LRMC algorithm to find the pilot dimension is also considered to improve the semi-random
scheme. It is observed that the sSMWIM algorithm with G = 75% has the highest sum
rate when T = 20, but when T is small or large, it is outperformed by the structured
policy [60]. The sMWIM algorithm with G = 30% performs well when T is small, because
the sparsity lends itself to a relatively more efficient pilot assignment given the limited
number of training resource, but the performance is significantly degraded when T" becomes
larger, due to the remaining interference that is not captured by G. Remarkably, when T is
extremely small, the semi-random algorithm turns out to be the best choice. The structured
policy with user group scheme has the superior sum rate performance if budget of pilot
dimension is larger than 24, which is more than needed for our methods. In addition, for
our proposed sMWIM algorithm, when T is small, then a sparser connectivity G yields a
better sum rate performance; when 7" exceeds certain threshold (e.g., T' = 12), then the
denser the connectivity G is, the better the sum rate is. It suggests that if training resource
is limited, a sparser G is preferable, and vice versa. Our proposed greedy algorithm could
also have a better sum rate performance if the pilot dimension is properly chosen, i.e.,
T = 20. As a side remark, our proposed methods do not require the prior knowledge of
pilot dimension as the user group scheme does [60]. The pilot dimension corresponding to
the peak sum rate value indicates the minimum number of training dimensions for pilot
assignment. We can observe that the training dimension of SsMWIM increases with the
density of network connectivity G — it requires 7' = 20, T'= 16, and T = 12 for G = 75%,
G = 50%, and G = 30%, respectively.

To evaluate the impact of k¥ and G, the CDF of the downlink achievable rate is plotted
with different x in Figure 5.5 and with different G in Figure 5.6. Figure 5.5 illustrates the
CDF of per-user rate performance of both sMWIM and greedy algorithm with x =1,2,3
when G = 75% is fixed. We can observe that when x = 1, both sMWIM and greedy
algorithms have the same performance. Note that x = 1 means each RRH is allowed to
estimate the channel from one user in each pilot dimension, so that the pilot dimension
is minimized. As the pilot scheduling is on the artificially imposed structure G, pilot

contamination is inevitable and may not be necessarily eliminated perfectly in the physical
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Figure 5.5: The CDF of the downlink achievable  Figure 5.6: The CDF of the downlink achievable
rate per user with G = 75%. rate per user with x = 2.

scenarios. As such, by setting k = 2, 3, certain level of pilot contamination is allowed in G. In
doing so, the majority of UEs witness certain increase in per-user rate performance, although
there is some degradation of the UE with low rate. To summarize, x = 2 is preferred with
respect to per-user rate performance, where a limited level of pilot contamination is allowed
in pilot assignment. Figure 5.6 illustrates the CDF of the downlink per-user rate when
different connectivity G is considered under a fixed x = 2. It can be observed that, for
the sSMWIM algorithm, when the connectivity is denser (e.g., G = 75%), the 90%-likely
per-user rate is higher, as potential pilot contamination and multiuser interference is taken
into account although there might be less freedom for pilot assignment. On the other
hand, when the connectivity is sparser (e.g., G = 30%) the 10%-likely per-user rate is
higher, meaning that there would be more users have per-user rate above 2.5 bits/sec/Hz.
There observations agree on the intuition that a proper user-RRH association is crucial
for the sSMWIM algorithm. For the greedy algorithm, the per-user rate performance is
less sensitive to the connectivity G. It is because in the greedy algorithm the network
connectivity G will be refined before pilot assignment (see T® in Alg. 5). We observe that
the performance is slightly outperformed by the sMWIM algorithm. One reason is that,
each user is assigned with one unique orthogonal pilot in the greedy algorithm, while in
the sMWIM algorithm the pilot of one user could be the linear combination of multiple
orthogonal pilots - this suggests the potential benefit of coded pilot design. Nevertheless,

the computational complexity of the greedy algorithm is substantially reduced.
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5.7 Conclusion

In this chapter, a framework has been proposed for pilot assignment in large-scale distributed
MIMO networks by artificially imposing topological structures on user-RRH connectivity.
By such a topological modeling, the pilot assignment problem is casted to a TIM problem
with groupcast messages. With respect to the known or unknown channel estimation
patterns, two TPA problem formulations were proposed by a low-rank matrix completion
and factorization method and a binary quadratically constrained quadratic program, for
which the low-complexity algorithm is applied to solve the pilot assignment problem
efficiently. The effectiveness of the proposed frameworks and algorithms are verified under
the cell-free massive MIMO settings. The proposed TPA approach yields superior ergodic
rate performance compared to the state-of-the-art pilot assignment methods. The bridge
between TPA and TIM problems is expected to trigger a new line of research dedicated to
channel estimation methods in distributed networks. The rich coding tools from TIM will

be hopefully tailored for pilot assignment applications in distributed MIMO systems.
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Conclusion and Future Work

6.1 Conclusion

Starting from the spectral property, this thesis firstly derived the common basis of UPA and
DP-UPA antenna to exploit the channel spectral spectrum using the Toeplitz matrix theory
so that the ACS concept could be applied to more practical massive MIMO systems. Given
exploited spectral properties, according to the ACS concept, this thesis has shown that ACS
could be a general idea for massive MIMO systems and have much wider applications, e.g.,
pilot decontamination in TDD mode, channel downlink reconstruction in FDD mode, and
pilot assignment problem in distributed massive MIMO. The key idea of the ACS concept
is to transfer the communication problem to a suitable graph problem so that existing
combinatorial optimization solutions could be used. In this thesis, Chapters 3-5 show the

major research works, and the main contributions are listed as follow.

e In Chapter 3, firstly, this work provided a joint beam and user selection method to
mitigate uplink pilot contamination and enhance uplink multiuser sum rate perfor-
mance. A novel method is proposed to actively sparsity users’ channels by joint beam
and user selection, which does not rely on sparsity assumptions. Secondly, to improve
the ACS implementation, this work introduced the constraint of SINR explicitly
into the optimization problem that makes the optimization problem more reasonable.
Moreover, compared with the former ACS research work, we take both NMSE of

uplink channel estimation and sum rate of uplink transmission into account.

128
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e The research work of Chapter 4 addressed the challenge of extending from ULA to

6.2

DP-UPA system. Such challenge is not a simple replacement of antenna array. Firstly,
to analyze the spectral properties of DP-UPA antenna array, this work figured out
the common basis to represent channel vectors in the angular domain. Secondly, due
to the dual-polarized structure of DP-UPA antenna, this work extended the original
ACS [28] to MD-ACS and explicitly take user selection, sum rate maximization, and
interference control into account. Consequently, such an MD-ACS framework can be
recognized as a generalized multi-assignment problem with some specific constraints
for interference control, for which we proposed a low-complexity greedy algorithm to

solve it efficiently.

When it comes to distributed massive MIMO, this work of Chapter 5 connected the
pilot assignment with the TIM problem, in which many coding schemes for TIM
can be applied. In distributed massive MIMO, the sparsity property comes from the
large-scale fading coefficients where only stronger channels than a certain threshold are
considered. Consequently, the partially connected bipartite graph is constructed, and
the ACS concept can be extended to distributed massive MIMO. After constructing
the bipartite graph, the connection between TIM and TPA problem is established
so that a set of solutions of TIM can be used in the TPA and even ACS problems.
To figure out the pilot assignment problem, an sWMIM formulation is proposed
and the iterative approach is used to solve it. Due to the high complexity of the
iterative process and induced matching, inspired by the ideas of solutions to the

GMAP problem, a low complexity greedy algorithm is designed.

Future Work

The core idea of ACS is to figure out the graph problem, which is transferred from the

communication system. As mentioned before, such a concept consists of two major steps:

a) constructing a graph representation for communication system and transferring such

communication problem to a graph or combinatorial problem; b) proposing the feasible

algorithms of the corresponding graph problem. The ACS concept can be jointly applied in

several communication systems in the future work, e.g., the terahertz (THz) communication

system, high mobility scenario. In addition, the ACS concept implementation can be

improved by e.g., TIM solutions and machine learning in both steps of ACS. In this section,
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some possible research directions are listed and discussed.

e THz system analysis:

Recently, the THz-band communication has been considered as a key enabling tech-
nology in the future generation of wireless communications. Compared with mmWave,
THz communication has a higher frequency range from 300GHz-10THz, to achieve
a terabit/second (Tbps) data rate without using spectral efficiency improvement
techniques [110]. Owing to the inherent sparsity structure of the THz communication,
our ACS concept naturally could exploit and make use of such property on figuring
out problems of THz communication. However, the practical channel measurement
of THz is undertaken in the real world, and the major problem, blockage, imposes
the challenge of analyzing the spectral properties of THz. To address such chal-
lenge, some research works adopt the ultra-massive MIMO (UM-MIMO) in the THz
communication system. If the ACS is adopted directly in THz UM-MIMO system,
firstly, the common space representation of THz channel could be different, especially
equipping with the arbitrary antenna array. Secondly, it results in the huge size graph
representation. Consequently, how to transfer and simplify the graph representation

of THz communication system is an interesting question for the future work.

ACS problem in distributed massive MIMO:

In the distributed massive MIMO system, the behavior of channel sparsity is different,
and lies in the partial connectivity due to the signal blockage and power decay. As
the first attempt, a threshold was adopted in our former research works to construct
the partially connected bipartite graph. The choices of the threshold, or a set of
thresholds, play a key role in the bipartite graph construction, and have a critical
influence on the overall performance. How to properly choose such thresholds is an

interesting yet challenging problem.

Another challenge of the ACS concept is the graph problem of the distributed
communication system. As mentioned in Chapter 5, the connection between TIM
and TPA problem is established so that the coding approaches of TIM can be applied
to ACS. In this thesis, a first attempt was made to translate coding schemes for TIM
into solutions to TPA. Given a variety of TIM coding schemes, how to tailor these
coding schemes to improve the performance of pilot decontamination is an interesting

future direction.
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To solve the graph problems behind the ACS formulation, state-of-the-art machine
learning techniques, especially the new advances of graph neural networks (GNN),
can be applied here. For example, the graph embedding algorithm could extract the
information into a vector or matrix [111], which is a feasible solution for solving graph
problems; some graph reduction techniques [112] may be implemented to construct
the partially connect graph. Moreover, to solve the MILP formulations of ACS as
combinatorial optimization problems, the GNN empowered solutions are also of much

interest to solve, e.g., scheduling problems [1 11,114, 115].

e ACS in the dynamic setting:
The future wireless network is more dynamic with the increase of high-mobility users
(e.g., vehicles, drones) participating in networking. To deal with network dynamics,
the traditional approaches have to re-build the model and re-run algorithms such as
pilot assignment, scheduling problem, etc. In this case, the computational complexity
that depends on the frequency of the changes. Hence, proposing a low complexity
dynamic solution to the high mobility wireless network is a challenge will be studied

in future work.

One possibility to design a dynamic algorithm is the integration of GNN and represen-
tation learning. For example, some research works combine the time series modules
such as recurrent neural networks (RNN) and GNN to design the dynamic network

algorithm [116].

To summarize, the ACS concept is the core of future research works. As mentioned
before, the deep learning technique will play a key role to solve above challenges, such as
graph reduction, dynamic network, combinatorial optimization. Also, the TIM coding is

crucial and has research significance for small/middle communication networks.
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