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Abstract

Given the 1000x capacity increase requirement for the next-generation cellular networks,
massive multiple input multiple output MIMO (mMIMO), small cells (SCs) and cognitive
radio (CR) have been proposed as important techniques. Therefore, the mMIMO coexists with
CR or SCs to form an mMIMO heterogeneous network (HetNet), i.e., mMIMO-CR HetNet
and mMIMO-SC HetNet, will be promising schemes. However, it brings more challenges
due to the combination, especially for pilot contamination and interference management. The
theme of this thesis is to propose advanced schemes for improving the achievable capacities
(including per-user transmission rate and system sum rate) in mMIMO-HetNet by reducing
the pilot contamination and coordinating the interference, which is divided to three parts.

For the first part (i.e., chapter 2), we study the pilot allocation problem in mMIMO homo-
geneous network for reducing the pilot contamination. To reduce the required complexity for
finding the optimum pilot allocation, we propose a low-complexity pilot allocation algorithm.
In addition, to improve users’ fairness, we formulate a fairness aware pilot allocation problem
and solve the formulated problem using a similar algorithm. Simulation results show that our
proposed pilot allocation scheme can improve per-user transmission rate by about 17% in
comparison with the conventional pilot allocation scheme.

For the second part (i.e., chapters 3 and 4), we study the pilot and power allocation
problems in mMIMO-CR HetNet. We first propose a price-based iterative pilot allocation
algorithm to obtain a win-win paradigm between primary network (PN) and cognitive
network (CN) in chapter 3. The results show that the PN and CN can obtain positive revenue,
which implies that pilot sharing concept between PN and CN is effective in improving the
performance of both PN and CN. Next, to avoid producing serious interference from the CN
to PN, we investigate the power allocation problem of the CN in mMIMO-CR HetNet with
pilot contamination in chapter 4. We propose an orthogonal pilot sharing scheme at pilot
transmission phase, where cognitive users are allowed to use pilots for channel estimation
only when there are temporarily unused orthogonal pilots. Following this, we formulate the
power allocation optimization problem of the CN to maximize the downlink sum rate of the
CN subject to the total transmit power and primary users’ signal to interference plus noise

ratio (SINR) constraints. Then, we propose an iterative algorithm to solve the formulated
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problem. The numerical results show that our proposed scheme can improve the sum rate of
the CN by about 10% in comparison with the conventional scheme.

For the third part (i.e., chapters 5 and 6), we investigate the pilot allocation and inter-
ference management problems in mMIMO-SC HetNet. We first propose a pilot allocation
scheme for maximizing ergodic downlink sum rate of the system in chapter 5, where the
uplink pilot overhead and inter-tier interference are jointly considered. Then, we propose
a low complexity one dimensional search algorithm to obtain the optimum pilot allocation.
In addition, we propose two suboptimal pilot allocation algorithms to simplify the compu-
tational process and improve users’ fairness, respectively. Simulation results show that our
proposed scheme can improve the sum rate of the system by about 12% in comparison with
the conventional scheme. Based on this, we investigate the dynamic SC clustering strategy
and their precoding design problem for interference coordination in mMIMO-SC HetNet in
chapter 6. An interference graph-based dynamic SC clustering scheme is proposed. Based on
this, we formulate an optimization problem to design precoding weights at macro base station
and clustered SCs for maximizing the downlink sum rate of SC users subject to the power
constraint of each SC base station. A non-cooperative game-based distributed algorithm is
proposed to solve the formulated problem. Simulation results show that our proposed scheme
can improve the sum rate of SC users by about 40% in comparison with the conventional
scheme.

In conclusion, through the above analysis and results, this thesis clarifies that the proposed
schemes (pilot allocation, power allocation, SC clustering, and precoding design) are effective
in increasing the achievable capacities in two types of NetNets (i.e., CR-type and SC-type)
governed by mMIMO macro cell.
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Chapter 1

Introduction

1.1 Background

Over the past a few decades, the wireless communications and networks have witnessed an
unprecedented growth and steady evolution from the first to the fourth generation wireless
networks. Meanwhile, some advanced techniques, like wideband code division multiple
access (WCDMA), orthogonal frequency division multiple access (OFDMA) etc., have
significantly contributed towards this gradual evolution. However, in recent years, the mobile
data traffic (e.g., mobile video conference, streaming video and online game, etc.) and the
advanced communication devices (e.g., smartphones, tablets and laptops, etc.) have been
increasing rapidly. Fig. 1.1 and Fig. 1.2 show the demand for mobile data traffic and devices
from 2016 to 2021, respectively [1]. The global mobile data traffic is expected to increase
to 49 exabytes per month by 2021, and the number of mobile devices and connections
are expected to grow to 11.3 billion by 2021. Although the increasing smartphones and
multimedia services satisfy users’ experiences and requirements, the recent mobile network
has not achieved enough capacity to provide such huge increase of the video traffic in
future [2]-[4]. As a result, how to satisfy the increasing traffic requirement has become
one of challenges in future mobile networks. Two promising techniques to solve this issue
are massive multiple input multiple output (mMIMO) and heterogeneous network (HetNet)
concepts.

1.1.1 Massive MIMO and Heterogeneous Network

mMIMO is an effective technique to improve the capacity, where the base station (BS)
is equipped with a large number of antennas to serve multiple users with the same time

frequency resource, i.e., the number of user terminals is much less than the number of BS
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antennas [5]. In this case, the huge throughput can be obtained because of the high degrees
of freedom for mMIMO BS. Meanwhile, it has been verified that the full advantage of the
mMIMO can be exploited by using simple linear-based approaches such as maximum ratio
transmission (MRT), maximum ratio-combining (MRC) or zero forcing (ZF) [6]. The effects
of fast fading, intra-cell interference and uncorrelated noise tend to disappear as the number
of BS antennas grows enough large.

On the other hand, the HetNet is also a promising scheme to improve capacity. Different
from the conventional homogeneous network which is governed by only one type of network,
HetNet is defined as the combination of different types of networks. We can categorize
HetNet into two types in a viewpoint of what system coexists, i.e., cognitive radio (CR) type
and small cell (SC) type. In the former case, the primary network (PN) and cognitive network
(CN) coexist to form a CR-type HetNet as shown in Fig. 1.3, where both networks have
different priorities. In the later case, the macro cell (MC) network and SC network coexist to

form a SC-type HetNet as shown in Fig. 1.4, where both networks have the same priority
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unlike the CR type. In this study, it is assumed that both types of HetNets are governed by
MC with mMIMO to improve the system capacity. In the following sections, these two types

of HetNets are explained, respectively.

1.1.2 Cognitive Radio Type Heterogeneous Network with Massive MIMO

The advantages of the CR-type HetNet can be summarized as follows: It is well known
that more spectrum can bring higher throughput, but it seems that the wireless spectrum has
crowded, and no more possible assignments for new users or services. However, the real
problem of the spectrum scarcity has been shown by Federal Communications Commission
(FCC) due to the fixed assignment of radio resource [7]. For example, Fig. 1.5 shows that
the spectrum are not used at all time, and there always exists spectrum idle. Therefore, how
to fully utilize those temporarily unused spectrum and improve the spectrum utilization is
critical. Based on this, the CR technology has been proposed [8], which is defined as an
intelligent wireless communication system that is aware of its surrounding environment
in real-time. The CR can scan the frequency band of interest to assess the presence of
active primary users (PUs) through a spectrum sensing process. For a given sensing result,
CR needs to implement an adequate protocol for using the spectrum, namely spectrum
access technique. There are three main spectrum access schemes: underlay, interweave
and overlay [9]. Under the underlay design, cognitive users (CUs) are allowed to share the
licensed spectrum with PUs as long as the interference to PUs is below a given threshold.
By contrast, under the interweave design, CUs are requested to use the licensed spectrum



4 Introduction

Interference

g Macro BS

(@)
‘ Small cell BS

§ Macro user

§ Small cell user

Fig. 1.4 The SC type HetNet model.

Frequency

Power
e
o
W

/O—“" o
Time
o —_—
Spectrum  Spectrum Spectrum
busy idle access

Fig. 1.5 The wireless spectrum utilization.

only when the spectrum are not used by PUs. Similarly with the first design, under the
overlay design, CUs are allowed to share the licensed spectrum with PUs. However, CUs
are requested to cooperate with PUs’ communication by using some sophisticated signal
processing and coding technology, while obtaining the chance for their own communication.
From the above analysis, it is clear that the CR technology coexisted with primary MC is
treated as the HetNet, and different priority should be considered, namely the PUs have the
high priority to use the resource. In other words, transmission power and available resources
for the CN are strictly restricted unlike the PN.

We have analyzed the advantages of mMIMO and HetNet in improving the capacity in
previous section. Therefore, to future improve the performance of the CR-type HetNet, the
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primary BS (PBS) and cognitive BS (CBS) can be equipped with a large number of antennas
and form a CR-type HetNet with mMIMO. Hereafter, we denote it as mMIMO-CR HetNet
in this thesis.

1.1.3 Small Cell Type Heterogeneous Network with Massive MIMO
Macro Cell

For the SC-type HetNet, it is well known that the deployment of SCs can effectively improve
the throughput of the system. For example, in a multi-user network, users in the coverage
of a cell share the available bandwidth. Thus, reducing the cell size and deploying more
cells also reduce the coverage of per cell, and in turn increases the bandwidth available to
each user. Meanwhile, the deployment of SCs shortens the distance between terminals and
BSs, and thus 1) lowering the transmit power, 2) improving the signal to noise ratio and 3)
realizing the dense spectrum reuse, such as femtocells, picocells and microcells. In addition,
different from the CR-type HetNet, all users own the same priority to use resource.

Similar to the mMIMO-CR HetNet, all BSs can be also equipped with a large number
of antennas in the SC-type HetNet for improving the achievable capacity of the system.
However, we know that there are two classes of BSs. One is the macro BS (MBYS) that has
the high transmit power and large coverage area. The other is the SC BS (SBS) that has the
low transmit power and small coverage area, and its physical size is also small. Therefore, it
is unnecessary and difficult to equip a large number of antennas at SBS. Based on the above
discussion, in this study, it is assumed that a large number of antennas is equipped on only
MBS coexisted with SCs to form a SC-type HetNet with mMIMO MC. Hereafter, we denote
it as mMIMO-SC HetNet in this thesis.

1.2 Technical Challenges for Heterogeneous Network with
Massive MIMO

1.2.1 Application of Massive MIMO to Heterogeneous Network

We have analyzed the advantages of the mMIMO-CR and mMIMO-SC HetNets in the
previous subsection. However, there also exist technical challenges for the application of
mMIMO techniques. In general, the precoding is used at mMIMO BS to cancel multi-user
interference. In this case, the channel state information (CSI) should be obtained by channel
estimation. Channel estimation is usually based on pilot, including uplink pilot (from users
to the BS) and downlink pilot (from the BS to users). For the downlink pilot, the demand
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of the orthogonal pilots (here, orthogonal pilots means that the different pilot codes are
orthogonal) is huge when there are a large number of BS antennas. This is because that
each antenna needs to be allocated one orthogonal pilot. As a result, the huge number of
orthogonal pilots is required due to the pilot overhead and thus it results in decreasing the
transmission efficiency. On the contrary, when the uplink pilot is used, namely each served
users transmits one orthogonal pilot. In this case, the number of orthogonal plots is equal
to the number of users. In general, the number of served users is much less than that of
the BS antennas. Therefore, the pilot overhead is small for the uplink pilot transmission,
which is usually used in mMIMO system [5]. According to this, the time division duplex
(TDD) is adopted because the estimated uplink CSI can be used for downlink. Here, in TDD
systems the pilot and data transmission occupy different time in each frame. Although the
orthogonal pilots can be used at each cell, they have to be reused in different cells due to the
limited coherence time. As a result, different users will use the same pilot, which causes
pilot interference (i.e., pilot contamination) [10]. Therefore, when the mMIMO is applied in
HetNet, the pilot contamination must be considered and solved.

We first analyze the basic pilot contamination problem in mMIMO homogeneous network.
We assume that a total of L cells share the same set of K pilot signals. In each cell, the BS
is equipped with a large number of antennas M to serve K user terminals. In this case, the

received signal of the jth BS can be written as

L
r;=/pu Y, Gjx +nj, (1.1)
i=1

where p, is the average transmit power of each terminal, G, is the M x K channel matrix
between the K terminals in the /th cell and the BS antennas in the jth cell, where[G jl] ik =
gmjki = \/ Bjkihm ki, X; denotes the transmit symbols from the /th cell, and n; is vector of
receiver noise. Let G jj denotes the estimate for the M X K propagation matrix between the
M base station antennas of the jth cell, and the K terminals in the jth cell, which can be

written as
A L
Gjj=vr Y, Gji+vj, (1.2)
=1

where p; is the pilot transmit power, and v; denotes the received noise. The BS processes its

received signal by MRC and yields

. (1.3)

H L
[\/Pu Y Gjx;+n;
=1

L
£_Glir; = [\/EZG,-IJFVJ-
I=1
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As M grows infinity the L2-norm of these vector grows proportional to M, while the
inner products of uncorrelated vectors grows at a lesser rate. For a large M, the products of

identical quantities remain significant and we have

H? H;
o pl/2 jli ik 1/2
G]l1Gjlz - Dlel < M ) Dﬁjlz’ (1.4)

where D By is a K x K diagonal matrix and [B jl] = Bk, Hj; is a M x K fast fading coefficients
matrix and [H jl] = hynjri- As M goes into infinity we have MHH Hj;, — Ix0y,1,, where
Iy isthe K x K identlty matrix. Then, we have

— 1, — ) Ds x 1.5
M\/Ptpuj Z ﬁll 1)

The kth component of the processed signal becomes

1
———— "7k = Bjkjxej+ ) Birixu- (1.6)
M \/m J JKJK] l; J
Therefore, the user’s rate can be written as
_ Bi
le = 10g2 1+ - a0 |- (17)
)y #J B ikl

From (1.7), it is clear that the user’s rate is affected by pilot contamination from other
cells. Therefore, how to reduce the pilot contamination is a key problem when the mMIMO
technique is applied. In this thesis, we will first investigate the pilot contamination and
propose effective pilot allocation schemes in a homogeneous mMIMO network to reduce
pilot contamination, which will be the fundament for investigating the mMIMO-CR and
mMIMO-SC HetNets.

1.2.2 Challenges for Cognitive Radio Type Heterogeneous Network with
Massive MIMO

We have analyzed that pilot contamination should be considered in mMIMO. Since PBS
and SBS are all equipped with a large number antennas, it is necessary to investigate the
pilot allocation problem in mMIMO-CR HetNet. In addition, for CR HetNet, it is well
known that the PN has the high priority to use the resource. In other words, although the

CN is allowed to share the resource with PN, the serious interference produced by CN to
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PN should be avoided. Otherwise, the communication of the PN will be affected. Based on
this, when the CN shares the resource with PN, the CBS must control the transmit power
so that the produced interference to PN below to a tolerated level. Therefore, except for the
pilot allocation, power allocation to CUs must be considered, which is also a challenge in
mMIMO-CR HetNet.

1.2.3 Challenges for Small Cell Type Heterogeneous Network with Mas-
sive MIMO Macro Cell

Since the MBS is equipped with a large number of antennas, the pilot contamination should
be considered in mMIMO-SC HetNet. Different from the mMIMO-CR HetNet, the MUs
and SUs have the same priority to use the resource. In this case, the MUs’ and SUs’
interference should all be effectively coordinated. In fact, from the Fig. 1.4, it is clear that
the SU’s interference from the MBS is serious due to the high transmit power of the MBS.
In addition, when there are a lot of SCs covered with MC, the interference among SCs
has to be considered. As a result, how to reduce the interference from the MBS to SUs
and coordinate the interference among SCs are also critical and challenges in mMIMO-SC
HetNet. Based on this, for the interference from the MBS to SUs, effective precoding design
must be considered. For the interference coordination among SCs, SC clustering should be

one of the solutions.

1.3 Motivations and Contributions of This Thesis

1.3.1 Motivations of This Thesis

Based on the above analysis, it is clear that there exists a common challenge to apply
mMIMO technique to CR- and SC-HetNets, i.e., pilot contamination. Meanwhile, there are
also different challenges for these two types of HetNet. Concretely, in mMIMO-CR HetNet,
we need to consider how to control the transmit power of the CBS to avoid producing serious
interference to PUs. In mMIMO-SC HetNet, we need to consider how to coordinate the
interference among MUs and SUs, and the interference among SCs. Based on this, the
motivation of this paper is how to solve the above challenges in these two types of HetNets.
To this end, objective of this thesis is divided into the following three parts to investigate the

above challenges.
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e The first part is to study the pilot allocation problem in mMIMO homogeneous network
and clarify that the pilot allocation is effective to improve the capacity for a mMIMO
network (i.e., chapter 2).

e The second part is to study the pilot and power allocation problems in mMIMO-CR
HetNet where CN and PN have different priorities (i.e., chapters 3 and 4).

e The third part is to study the pilot allocation and interference management problems in
mMIMO-SC HetNet where SC and MC have the same priority (i.e., chapters 5 and 6).

1.3.2 Contributions of This Thesis

The key contributions of this thesis are summarized as follows:

e We propose a low complexity pilot allocation algorithm to maximize the uplink rate of
the mMIMO homogeneous network. Meanwhile, to improve the users’ fairness, we
formulate a fairness aware pilot allocation as maximization problem of sum of user’s

logarithmic and apply the similar algorithm to obtain the solution (i.e., chapter 2).

e We propose a price-based iterative pilot allocation algorithm to obtain a win-win
paradigm between PN and CN in mMIMO-CR HetNet (i.e., chapter 3). Next, we
propose an iterative power allocation algorithm to maximize the downlink sum rate of
the CN subject to the transmit power and the SINR constraints of the PUs in mMIMO-
CR HetNet (i.e., chapter 4).

e We propose an optimum pilot allocation scheme to maximize the downlink sum rate
of the mMIMO-SC HetNet. Meanwhile, two suboptimal algorithms are proposed to
simplify the optimization process and improve the SUs’ fairness, respectively (i.e.,
chapter 5). Next, to reduce the interference among SCs, an interference graph-based
dynamic SC clustering scheme is proposed. Then, a non-cooperative game-based
precoding design algorithm is proposed to maximize the downlink sum rate of the SUs
in mMIMO-SC HetNet (i.e., chapter 6).

1.4 Organization of This Thesis

This thesis is organized in seven chapters, which are summarized as follows:
Chapter 1 provides a broad introduction on target system and related techniques, 1.e.,
mMIMO, mMIMO-CR HetNet and mMIMO-SC HetNet. Next, we study the basic problem
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in chapter 2, namely the pilot allocation problem in a mMIMO homogeneous network. Then,
we study the pilot and power allocation problem in mMIMO-CR HetNet. We divide two
chapters (i.e., chapters 3 and 4) to consider them. Specifically, in chapter 3, we study the
pilot allocation problem based on the infinite number antenna at BS. After that, the limited
number antenna and power allocation at BS is studied in chapter 4. To this end, we study
the pilot allocation and interference management problems in mMIMO-SC HetNet. We still
divide two chapters (i.e., chapters 5 and 6) to consider the above problem. Specifically, in
chapter 5, we only investigate the pilot allocation problem in mMIMO-SC HetNet. Based
on the chapter 5, we study the SC clustering and precoding design to solve the interference

problem in chapter 6. Chapter 7 summarizes this thesis and gives the future research direction.



Chapter 2

Pilot Allocation for Massive MIMO
Homogeneous Network

2.1 Introduction

In this chapter, we will investigate how to reduce pilot contamination by effective pilot
allocation so as to improve the performance of the mMIMO system. In fact, pilot contamina-
tion problem has been studied widely in the literature [11]-[15]. In [11], a pilot assignment
scheme is proposed to mitigate pilot contamination problem, where the allocation of pilot
sequences is optimized to maximize the signal-to-interference power ratio on the uplink.
The work in [12] proposes the users scheduling per cell in order to maximize the spectral
efficiency, but for the given number of users in each cell, the approach does not take into
consideration the pilot allocation strategy. In [13], a fractional pilot reuse scheme is proposed,
where users in different cells are allowed to reuse the same pilot sequence if they are close to
their BSs. Otherwise, if users are located far away from BS in different cells, the orthogonal
pilot sequences must be used. Thus, the pilot allocation is not considered for users located
closely to their BSs. In [14], a graph coloring based pilot allocation is proposed to reduce
the pilot contamination. The authors first construct an interference graph according to the
strength of potential pilot contamination between any two users in different cells with the
same pilot. Then, they allocate pilots among users in order to minimize potential pilot
contamination term in the graph. In [15], the authors assume that a subset of pilots is owned
by each cell and then, cells may cooperate to utilize pilots from other cells and support more
users. However, the pilot-to-user allocation is not considered. Although some pilot allocation

schemes in works [11]-[15] are proposed to improve the capacity of the system, they are all
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not global optimum pilot allocation schemes when considering the sum rate maximization of
the system.

In this chapter, we assume that an uplink communication is established in two phases: (i)
pilot and (ii) data signaling. Thus, by reducing the interference between utilized pilots from
adjacent cells, the (data) uplink user sum rate may be improved. The optimum pilot allocation
is decided by a central control unit (CCU) that acts as master BS. Then, we formulate the
pilot allocation optimization problem of maximizing the uplink sum rate of the mMIMO
systems. To decrease the complexity, we propose an iterative pilot allocation optimization
algorithm, where the original problem is transformed into a number of subproblems which
can be solved as one-to-one matching problem. The Hungarian algorithm [16] can be applied
to find the optimum pilot allocation problem in each subproblem. In addition, to improve the
users’ fairness, we formulate a users’ fairness aware pilot allocation as maximization problem
of sum of user’s logarithmic rate and use a similar algorithm to obtain the corresponding

pilot allocation.

2.2 System Model

We consider an uplink multi-cell system composed of L hexagonal cells as shown in Fig.
2.1. The radius of each cell is 7., and white area in each cell denotes the cell-hole (users are
not located within the center disk of radius r;,). One of the BSs works as CCU, while each
BS is equipped with M antennas and serves K (M >> K) single-antenna users. We assume
that there is time-frequency coherent block of S symbols in each frame. K orthogonal pilot
signals ¥ = [y, ¥,, -, Wi|T € €KX (y, = [yi1, -, wik]") are reused in adjacent cells
due to the limited coherence time, while different users in each cell use orthogonal pilots to
avoid severe interference, and we assume that W = Ix. Here, (-)7 and (-)” denote the
transpose and Hermitian transpose, respectively.
During the training phase, the received signal at the BS of the /-th cell can be expressed
as:
L K
le\/lTpZ,“;hljk%{‘l‘Zla 2.1
J=1k=

where p,, denotes the pilot transmit power, Z; € €K is an independent and identically

distributed (i.i.d.) additive white Gaussian noise (AWGN) defined as € .4 (0, 53) Jhyj e
€M1 is the channel coefficient between BS in the I-th cell and the k-th user in the j-th cell.
hyjr= \/[Tjkg, jk» where B jx and & jx ~ € .47(0, Iyy) denote the large-scale fading coefficient
and small-scale fading vector, respectively.
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e
Data signal

—_——
Interference

There is no
user in this
area

Fig. 2.1 Uplink interference model for the multi-cell mMIMO system.

The channel estimate of the k-th user in the /-th cell is obtained by correlating Y; with
Y as follows:

1
by =hyw{ v+ Z Z h iy Wi+ —ZI'I’k
J#li=1 vP

—hllk+ZZf 0 (1, k)hyji + Wi,
J#LI=1

(2.2)

where (-)* denotes the complex conjugate, wy; denotes the equivalent noise, Wq(; ;) (0(j,i) €
{1,--- ,K}) denotes that the 0(j,i)-th pilot is used by the i-th user in the j-th cell with
0(j,k) # 6(j,k') when k # k’. In the above expression, f[-] € {0,1} represents the pilot
reuse index, f[0(j,i),0(l,k)] =1 when 0(j,i) = 0(L,k), else f[0(j,i),0(l,k)] = 0.
During the data phase, the received signal at the BS of the /-th cell can be expressed as:

=Dt Z Z hyjexje +my, (2.3)

j=lk=
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where p; denotes the uplink data transmit power, x j; denotes the data transmitted by the k-th
user in the /-th cell with E[|x;|*] = 1 and n; ~ .4 (0, 0/ 1y) denotes the noise, where E[]
denotes the expectation operator.

Using the channel estimate of the k-th user in (2), the matched-filter (MF) detector is

applied to obtain the decision variables of the k-th user as:

K
B = hijy = et/ Y W,
— nk

Desired signal N ~ _
intra—cell interference
L K L K i
+ve Y Y Y Y £163,0), 0 (L k)X (2.4)
jAli=1m=1n=1

[\ J/
-~

pilot contamination

L K
+ b7 X + Ok :
\/E Z Z LK™ Imntmn

m#ln=1 .
N 7 _,uncorrelated noise

TV
inter—cell interference

where @y :hﬁknl+2§ﬂ Y&, f16(j,i),0(, k)]hginz—FWzanz. In (2.4), the first term denotes
the desired signal component, the second term denotes the intra-cell interference, the third
term denotes the pilot contamination, the fourth term denotes the inter-cell interference, and
the last term denotes the uncorrelated noise after MF filtering. According to (2.4), the average

uplink rate of the user can be expressed as

h hy, |?
re=E{log, [ 1+ [ ”"‘2 2.5)
INy + ||/ ps

K H ) L K o ) L K L K o H 2
where Ile = Z ‘hllkhlln‘ + Z Z ‘hllkhlmn‘ + Z Z Z Z f[e(]7l)7 9<l7k)] ’hljihlmn
n#k m#ln=1 j#li=1m=1n=1

2.3 Problem Formulation and Solution

In this section, we first formulate a pilot allocation optimization problem to maximize uplink
sum rate of the system. Then, we propose a low-complexity algorithm to obtain the optimal
solution. Next, considering users’ rate fairness, we formulate a fairness aware pilot allocation
as maximization problem of sum of user’s logarithmic rate and use the similar method to

solve the formulated problem.
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2.3.1 Problem Formulation Based on Sum Rate Maximization

We formulate the pilot allocation optimization problem for maximizing uplink sum rate of

the system as follows:

K
max R(6) = ¥ ¥ (1—n)ry

6 I=1 k=1
st O(Lk) e {1,2, K} Vik, (2.6)
0(1,k) # O(LK), k£,

where 8 = [0(l,k)|xx denotes the pilot allocation index for each user, 1 = K/S. Note that
accurate CSI is needed to estimate user’s rate rj; for solving the optimization problem (2.6).
However, based on the fact that CSI can not be obtained before determining pilot allocation,
it seems that it is not possible to solve the problem (2.6).

According to [17], when the number of BS antennas M goes to infinity, the uplink rate

can be approached using only large-scale fading coefficients as

Bit
i (s A _ 2.7)
Tik = 10g; ( YT £16(),0),0(1, k)17,

It can be observed from (2.7) that the uplink rate in the optimization problem can be
approximated with only the large-scale fading coefficients, which can be easily tracked by
the BSs. Here, we propose to use approximated rate in (2.7) for solving the problem (2.6).

The details of the proposed algorithm to solve (2.6) is mentioned in next subsection.

2.3.2 Proposed Sum Rate Maximization Scheme

Problem (2.6) is known as mixed integer programming (MIP) problem. The challenge of this
problem is the discrete nature of the pilot allocation index. Exhaustive search can be used
to find the optimum pilot allocation, but it requires high computational complexity given
as O((K!)L). Thus, exhaustive search is not feasible solution for a large number of users in
multi-cell mMIMO system.

To decrease the computational complexity, we decouple (2.6) into L subproblems, where
in each subproblem, we aim at optimizing the pilot allocation of K users in one particular
cell and fix pilot allocation in other L-1 cells. Based on the above description, we can get

one of subproblems as follows:
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The pilot allocation
for a particular cell
at each iteration

Iteration step ——> 1st step 2nd step 3rd step 4th step 5th step
Uplink sum rate .'
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Fig. 2.2 Iteration diagram for pilot allocation in the proposed algorithm.

max R, (0_,,0,) (2.8)

sit. O(m,k)={1,2,...,K},Vk
0(m,k) # 6(m,k'), k # K

L K 2
_ _ Biik s
where Ryy(6—n, )= ¥ ¥ (1-1)log, (1 YR f[9(j,i),9(l,k)]512ﬁ) + O denotes the pi
lot allocation decision matrix except for the m-th cell, and 0,, the pilot allocation matrix in

the m-th cell. For (2.8), since pilot allocation in other cells have been decided in advance
(at the beginning, we assume that the pilots are randomly allocated in these cells), we just
need to allocate pilots to users in the m-th cell for maximizing the sum rate of the system.
Exhaustive search is not feasible because the required complexity is given as (O(K!)) and
significantly increased with a large K.

To reduce the required complexity for finding the optimum solution, we propose a low-
complexity pilot allocation scheme. Since we have fixed pilot allocation in other L — 1 cells,
the problem (2.8) is reduced to a one-to-one matching problem, namely K users select K
pilots. Next, we define the one-to-one matching problem as follows:

Definition: We assume that there are K users and K pilots, and we need to allocate the K
pilots to K users. The allocation rule is that every user is assigned one pilot and each pilot is
only assigned to one user. Each possible allocation between the i-th pilot and the k-th user is
associated a utility Uy, (the Uy, can be regarded as the revenue of the k-th user when it uses

the i-th pilot), which is given in Table 2.1.
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Table 2.1 The utility of pilot allocation

User
Pilot ! 2 3| K
1 Uy | U | Uiz | - | Uik
2 Uy | Up | Uy | --- | Ux
3 U | Usp | Usz | --- | Usg
K Uki | Uk2 | Ugs | -+ | Ukk

Then, the matching problem can be presented by the following optimization problem:

K K
max Y X cumUnm
Cnm n=1m=1
K
s.t. Y com=1, Vn, (2.9)
n=1
K
Y cam=1, Vm,
m=1

cnm € {0,1}, Vn,m,

where ¢, denotes the binary assignment variable, and ¢,,,, = 1 means that pilot n is allocated
to user m, and ¢, = 0, otherwise. ZnKzl cnm = 1 denotes that each pilot is only allocated to
one user, Zgzl cnm = 1 denotes that each user is only allocated one pilot.

As for the problem (2.9), the optimal matching problem can be solved by applying the
well-known Hungarian algorithm [18], which is a combinatorial optimization algorithm that
solves the assignment problem in polynomial time. Therefore, the subproblem (2.8) can be
solved by using the similar method. We rewrite the subproblem (2.8) as follows:
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K K
max ZZ capRYF (01, 01)
a=1p=1

O
. Ry(0_1m,01),
sit. RP(0_,,0,,) =
0(m,a) = p,
K
Y cop=1, Va, (2.10)
a=1
K
Z Cap = 1, Vp,
p=1

cap € {0,1}, Va,p.

where a and b denote the pilots and users index in the m-th cell, respectively. We can find
that the subproblem (2.10) is also an one-to-one matching problem and the optimum pilot
allocation can be obtained by applying the Hungarian algorithm. Next, we move to the next
cell and use the same method to optimize pilot allocation for next subproblem. After multiple
iterations, the global optimum pilot allocation for problem (2.6) can be obtained according to
the Proposition 1. To describe our proposed algorithm more clearly, we present the iterative
diagram in Fig. 2.2. For example, at the first step, the m = 1 in problem (2.10), namely, we
only optimize the pilot allocation at the 1st cell while fixing pilot allocation in other cells.
After solving problem (2.10), we can obtain the uplink sum rate. Then, similar to the first
step, we optimize the pilot allocation at the 2nd cell as the second step of Fig. 2.2. This
process is continued until the uplink sum rate is converged. We also summarize the above
method in Algorithm 1.

Proposition 1: For given L and K, global optimum pilot allocation converges after a
finite number of iterations.

Proof: In solving each subproblem (iteration), the pilot allocation is obtained according
to the Hungarian method, and the sum rate of the system is maximized in this optimization
(iteration). Therefore, the objective of problem (2.6) increases over each iteration until

converges.

2.3.3 Problem Formulation Based on Users’ Fairness

When the pilot allocation is optimized for maximizing the sum rate of the system, the cell-
edge user’s rate (i.e., users’ fairness) is not taken into account. If the same pilot is allocated to

cell-edge users at different cells, the pilot contamination occurs and it intensively deteriorates
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Algorithm 1: Proposed SR-M Algorithm

1 Initialize cell index [, pilot allocation 8 _; (assume [ = 1), tolerance &, iterative

index r = 1.

repeat

3 Obtain the optimum pilot allocation 0, at the /th cell according to the Hungarian
method.

Get the pilot allocation results 0.

Compute the uplink rum rate according to R(0").

Updatet < ¢+ 1,1+ [+1.

if / > L then
‘ Update / < 1.

end if

10 until R(0"™") —R(0') < ¢;

11 Obtain optimum pilot allocation 6.

[ %]

e e N &t A

=

the rates of these users. Thus, users’ fairness aware pilot allocation should be considered.
For this purpose, we formulate the pilot allocation optimization problem for maximizing the

sum of user’s logarithmic rate as follows:

L
max R(6) =) Y log((1—n)ry)
6 I=1k=1
st O(Lk) e (1,2, K}, Vi,k, 2.11)

0(1,k) # 6(1,K),k£Kk.

As for problem (2.11), we can use the similar algorithm to problem (2.6) to obtain the
corresponding pilot allocation. The algorithm consists of the following four steps:
1. Divide problem (2.11) into L subproblems.
2. Optimize pilot allocation for users in one cell while fixing pilot allocation in others cell.
3. Move to the next cell and do the same optimization as step 2.
4. Repeat steps 2 and 3 until sum logarithmic rate log ((1 — 1)) converges.
We call the above algorithm as user’s fairness aware (UF-A) algorithm. Since the similar
algorithm in (i.e., Algorithm 1) is applied, we omit the detailed explanations of the algorithm.

The related results will be presented in simulation section directly.
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Table 2.2 Simulation Parameters.

Parameters Value
Radius of cell r, 500 m
Radius of cell hole ry, 100 m
Number of users K 2<M<8
Number of BS antennas M 10 <M <500
Number of cells L 7
Transmit power of users 0dBm
Time-frequency coherent block size S | 100 symbols
Bandwidth 20 MHz
Noise Power -174dBm/Hz

2.4 Numerical Results and Discussion

In this section, we evaluate the average uplink rate of the proposed pilot allocation schemes.
We consider an L = 7 typical hexagonal cellular network where each BS is equipped with
M antennas, and there are K users in each cell. Therefore, the proposed algorithm works to
maximize total sum rate of 7 cells as defined in problem (2.6). We assume that cell radius
is r. = 500 meters, and cell-hole radius r, = 100 meters. The large-scale fading coefficient
captures the path-loss effect as follows f;jx = 1/ dloj‘.k [19], where d; j; denotes the distance
between the /-th BS and the k-th user in the j-th cell, and @ = 3.8 is the path-loss exponent.
Users are distributed randomly within each cell, and Monter-Carlo method is applied with
10* simulation for single user having random location in each trail. Note that (2.5) is used
to compute the uplink rate of each user, while the approximated user-rate in (2.7) is used to
solve the problems (2.6). The system parameters are summarized in Table 2.2.

In fact, similarly to [20], the inter-cluster interference should be also considered. Fig. 2.3
shows system model where there are multiple clusters (different colors stand for different
clusters). Since there is no any cooperation among clusters, the cluster cannot know necessary
information of adjacent clusters such as user’s location information and pilot allocation
formation. Thus, the average interference power from outer-cluster cells should be estimated
without the above information. For this purpose, we propose the following approximate
scheme. We only consider the interference from adjacent outer-cluster cells due to the very
slight interference for non-adjacent outer-cluster cells. When each cell estimates the average
interference from outer-cluster cells, the BS’location is assumed as the user’s location.

Fig. 2.4 plots the average uplink rate versus number of BS antennas with different

algorithms when the number of users in each cell is 4. It can be clearly found that the average
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Inter-cluster
interference

Fig. 2.3 The model of the inter-cluster interference and different colors denote the different
clusters.

uplink rate increases with M under all algorithms, and the average uplink rate under the
proposed SR-M algorithm is almost the same with that under the exhaustive search algorithm.
In exhaustive search scheme, the best pilot allocation to maximize the average uplink sum
rate is selected among all possible candidates. In random allocation scheme, pilot allocation
is randomly determined regardless of the achievable uplink sum rate. We can find that
the average uplink rate of the proposed UF-A algorithm is lower than that of the proposed
SR-M algorithm and is higher than that of the random allocation algorithm. The reason is
that the achievable sum rate has to be sacrificed for improving the users’ fairness with the
proposed UF-A algorithm. In addition, we can also find that per-user rate can be improved by
about 17% by using the proposed SR-M algorithm in comparison with the random allocation
algorithm.

Fig. 2.5 shows that the average uplink rate per user versus the number of users in each
cell with different algorithms. We can find that the average uplink rate decreases with K
increases. In fact, there are two reasons for this result. The first is that (1-1) decreases as K
increases, which reduces the uplink rate per user. The second is that the degree of freedom
(DoF) of the BS antennas decreases with the number of serviced users increases, which leads
to the decline of the average rate. It is also easy to understand that more number of BS
antennas leads to higher rate. Although the average uplink rate decreases with the number
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Fig. 2.4 The average uplink rate versus the number of BS antennas with different algorithms
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Fig. 2.5 The average uplink rate versus the number of users per cell.
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of users, the uplink sum rate increases, and we can get it by the proposed low complexity
algorithms according to Fig. 2.5. On the other hand, we can get that the uplink sum rate of
the system will increase when it services more users, but the average uplink rate per each
user will decrease, which lowers each user’s experience. Therefore, in practice, the tradeoff
between number of serviced users and each user’s experience needs to be considered .

Fig. 2.7 shows the cumulative distribution function (CDF) curve of users’ uplink achiev-
able rate with K = 4 and M = 100. The graph coloring based pilot allocation (GC-PA) [14]
and classical random pilot allocation scheme [17] are compared with our proposed schemes.
We can find that that the uplink rate with our proposed SR-M algorithm is higher than that
with GC-PA algorithm. Meanwhile, it can be verified that the user’s rate is more concentrated
with UF-A algorithm than that with SR-M algorithm, which means that the UF-A improves
the users’ fairness. In addition, it is clear that the classical scheme has the worst performance
compared with other algorithms.

2.5 Conclusions

In this chapter, we have proposed an optimum pilot allocation scheme to improve uplink sum
rate in mMIMO systems. Firstly, we formulate the pilot allocation optimization problem
for maximizing uplink sum rate of the system. Since the high complexity for solving the
original problem, we transform the formulated problem into several subproblems. In each
subproblem, we obtain the optimum pilot allocation by applying Hungarian method. Through
multiple iterations, the optimum pilot allocation is found. For improving users’ fairness, we
formulate the maximization problem of sum of user’ logarithmic rate and use the similar
algorithm to obtain the corresponding pilot allocation. Simulation results show that per-user
rate can be improved by about 17% by using the proposed SR-M algorithm in comparison
with the conventional random allocation algorithm.



Chapter 3

Pilot Allocation for Cognitive Radio Type
Heterogeneous Network with Massive
MIMO

3.1 Introduction

Different from chapter 2, in this chapter, we will investigate the pilot allocation in mMIMO-
CR HetNet. Although there are some related works, most of them focus on traditional
MIMO-CR system with regular antennas. For example, [21] considers the achievable rate
and power efficiency for mMIMO in spectrum-sharing networks. For maximizing the quality
of channel estimation for the CN, a pilot decontamination algorithm is proposed [22]. In [23],
a reciprocity-based CR beamforming scheme is proposed to reduce the interference from
CUs to PUs. However, works in [21, 23] do not involve the pilot allocation problem between
PN and CN.

In TDD-based mMIMO system, it is well known that the uplink pilot symbol is a
significant and limited resource because the short channel coherence time limits the number
of orthogonal pilots. Although the orthogonal pilots are used for channel estimation in each
cell of the PN, the same pilots have to be reused in adjacent cells due to limited orthogonal
pilots, which results in pilot contamination. Similarly to the PN, the CN is required to
allocate the orthogonal pilots to CUs for their channel estimation. However, if CUs use
the same pilots or non-orthogonal pilots with PUs, it causes the serious pilot contamination
between PUs and CUs. Therefore, an effective pilot sharing scheme between the PN and CN

is necessary.
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Fig. 3.1 System model for spectrum-sharing mMIMO networks.

In this chapter, we study pilot allocation problem mMIMO-CR HetNet. In our approach,
PN and CN are regarded as the leaser and lessee, respectively. The CN is allowed to lease a
part of available orthogonal pilots from PN. Consequently, PN can obtain profits by leasing
pilots to CN. We assume that PN and CN are rational and selfish, and they aim at maximizing
their revenue when pilots are traded. To guarantee success of pilot trade, we propose a
three-side pilot trade platform, including price control side (PCS), PN side and CN side.
Specifically, for given pilot lease price, PN side will lease the optimum pilots to CN for
maximizing its revenue. Then, CN side allocates these pilots to some of CUs for maximizing
its revenue. To realize the above, we propose a price-based iterative optimum pilot allocation
algorithm to maximize the profits of PN and CN.

3.2 System Model and Proposed Scheme

3.2.1 System Model

We consider a communication system that consists of one L hexagonal primary-cells (PCs)
PN and one single hexagonal cognitive-cell (CC) CN, as shown in Fig. 3.1. We assume
that CC has the same coverage area with the central PC. For convenience, the central PC
and CC are denoted as the 1st PC and CC (target cell), respectively. Each PC consists of
a PBS equipped with M antennas and K (¢ = {1,...,K}) single-antenna PUs (M > K).
We assume that the same K orthogonal pilots sequences ¥ = {y,,..., ¥} € CK*K are
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assigned to K PUs uniquely in each PC, where P — 1, and no pilots are assigned to
CUs. Yo(14)(8(1,k) € {1,...,K}) denotes that the 6(/,k)-th pilot is used by the k-th PU in
the I-th PC, where 0(l,k) # 0(I,k’) when k # k’. Uplink rate of the k-th PU in the 1st PC
can be expressed as [5]

rf7k:log2(l —|—SINRf7k), (3.1)

p 2
where SINR} , ~ 0 when M — oo, B/ denotes the large-scale fadin
L Yl L f(8(1,0),6(1.k))BY, 11; B”l g g

coefficient (LFC) between the PBS in the 1st PC and the i-th PU in the /-th PC. [31 = =1/ dl lz ,
where d{’ ;; denotes the distance between PBS in the 1st PC and the i-th PU in the [-th PC,
and « is path-loss exponent. Y HA,): L f(6(),i),0(1,k)) ﬁﬂl denotes pilot contamination
caused by pilot reuse in adjacent cells, f(0(j,i),0(l,k)) = 1 when 0(j,i) = 0(l,k), else
f(6(),0),6(1,k)) =0.

In CC, there are a M-antenna CBS and K single-antenna CUs. Similarly, uplink rate of
the k-th CU in the CC can be expressed as

rix = logy(1+SINR] ), (3.2)

here SINR] |, ~ [ hen M — oo, 37, denotes the LFC bet CBS
where Lk ™ T TF 6(.0.6010) fnzw en By,; denotes the etween

and the i-th CU in the CC, and Bl ;; denotes the LFC between CBS in the 1st PC and the i-th
PU in the /-th PC.

CN can lease pilots from PN for channel estimation. PN can get some revenue from CN
(i.e., lease fee). We assume that PN and CN are rational and selfish. For given pilot lease
price, PN always leases the optimum pilots to CN for maximizing its revenue, while CN
always optimally allocates these pilots to CUs for maximizing its own revenue.

Since we assume that CC has the same coverage area with the 1st PC, CN leases pilots

from the 1st PC. Therefore, the revenue of PN can be given as follows:

max m|¥s| —n ) i
Y, %p —— . )
Price of leased pilots €A, Yo(1.i) e¥s (3 3a)
from PN to CN ~ ~~ -

Lost utility(PUs rate)

= max m/¥s|— min n Y
'1‘57 W, % i€ ' (3.3b)
Vo(1,) €¥s
where m is the lease price per pilot, n denotes the price per rate of PN which is determined

by PN. W (Ws C ) and |¥s| denote the leased pilots set to CN and the number in set W,
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respectively. J#p(#p C %) denotes the pilots allocated to PUs in the 1st PC before leasing
pilots. In (3.3a), the first term denotes the obtained revenue because of leased pilots. The
second term denotes the lost utility because those PUs will not connect the PBS. From (3.3b),
we can find that the first term is a increasing linear function with |¥g| for given m, and the
second term is a function of growing faster with [¥g|. Therefore, for given pilot lease price,
the 1st PC can find the optimum pilots to the CN for maximizing its revenue. Since there
is no relationship between the secondary term and m, (3.3b) is a monotone non-decreasing
function with m. This analysis assumes that users are randomly distributed in each cell.

At the CN side, for given pilot price m and pilots Wg, the total revenue can be expressed

as:

max ¢ Z rn;,; — m|W¥s| , (3.4a)
’ ——

s i€As i
Wy Fee for leased pilots
we(l,i)e S from PN to CN

~— ——
Obtained utility (CUs' rate)

A B3, 2
Smax ¢ ) 1 , (3.4b)

A Y Y f(6(j,m),0(1,i)B] 2
V’B(lﬁi)e\PS Zim ) ) 9 1jm

where ¢ denotes the price per rate of CN which is determined by CN, and J#5(.#s C %)

is a set of CUs allocated pilots. In (3.4a), the first term denotes obtained utility because of
leased pilots from the 1st PC. To obtain more revenue, CN will optimally allocate these pilots
to some of CUs. Since the second term in (3.4a) is given constant, we only need to maximize
(3.4b). (3.4b) is an optimal matching problem, and matching rule is that one pilot is assigned
to one CU, but different users are not assigned the same pilot. To maximize CUs’ total SINR,
(3.4b) can be solved by applying the well-known Hungarian algorithm, as our description in
Chapter 3.

To guarantee the 1st PC’s service quality, number of available pilots in CN must be
limited. We define provided primary user ratio (PUR) as the number of PUs under service
normalized by the number of all PUs in the 1st PC. We also define the required minimum
PUR as p, which is expressed as:

|Ws| < (1-p)K. (3.5)

where (1 — p)K denotes the number of maximum orthogonal pilots leased to the CN.
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Price control side provides m and some necessary users' LFC
for PN, then P N computes optimal pilot set ¥g according to [€—
(4.2b) and sends W and %, back to price control side.

my

Price control side
computes the
PUR using (4.4

[¥s>(L-p)K

m
[ < (1-p)K
Price control side provides the m, ¥gand some necessary
users' LFC for CN, and CN computes optimal
pilot allocation according to (4.3b).
(4.32)<0 CN computes its (4.32)>0 and
evenue using (4.3a |, |< - p)K

(4.3a)=0 or
[¥s = (1-p)K

Fig. 3.2 Proposed pilot allocation algorithm flow diagram.

3.2.2 Proposed Scheme

To ensure the success of pilot trade, we propose a three-side pilot trade platform, including
PCS, PN side and CN side, where PCS is in charge of the pilot trade between PN and CN,
while PN selects the set W only according to m given by PCS. The mechanism to encourage
the pilot trade is explained below. According to (3.3) and (3.4), if m is decreased, CN’s
revenue tends to be decreased, while CN’s revenue tends to be increased. Consequently, the
pilot trade from PN to CN is encouraged by decreasing m. PN and CN are able to know their
own users’ LFC, respectively. Here, the revenue of CN can not be negative, and the pilot
trade will be finished when one of the following conditions is satisfied: i) (3.5) becomes
tight constraint, ii) revenue of CN becomes 0. Based on the above analysis, a price-based
iteration optimal pilot allocation algorithm for maximizing the profits of the PN and SN can
be described as follows:

1) PCS provides a pilot lease price m and users’ CSI information for PN, then PN
computes optimal pilot set ¥ according to (3.3b) and sends Wg and %5 back to PCS.

2) If PCS finds that the SUR, namely, (3.5) is not satisfied, it will decrease the pilot lease
price and repeat 1) until the SUR is satisfied. Then PCS provides the pilot lease price, ¥s
and users’ CSI information for CN, and CN computes optimal pilot allocation according to
(3.3b).
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Fig. 3.3 The relation among PCS, PN and CN.

3) If CN finds that its revenue is negative, CN does not rent these pilots and feedback this
information to PCS. Then PCS will decrease price and repeat 1) and 2) until CN’s revenue
nonnegative. If CN finds that its profits is 0, pilot trade is finished. Else, CN will send the
pilot allocation results to PCS.

4) When PCS finds that the constraint (3.5) is slack, it will increase price and repeat
1)~4) until pilot lease price converges.

The flow of the proposed algorithm is illustrated in Fig. 3.2, and the relation among PCS,
CN and CN is shown in Fig. 3.3

3.3 Simulation Results and Discussions

We consider a typical hexagonal cellular network with 7 PCs and 1 CC (as shown in Fig.3.1),
and each BS is equipped with M antennas (M goes infinite) [22]. We assume there are 100
PUs in each PC and 100 CUs in CC, and all users are randomly distributed in each cell. The
number of orthogonal pilots is 100. The cell radius is r. = 500 meters, and the cell-hole
radius is r, = 100 meters (the terminals do not figure in this scenario). n =1, ¢ = 1 and
a=3.8 are assumed. m, n, ¢ and revenue are regarded as the actual currency.

Fig. 3.4 shows the revenue of PN and CN. We can find that PN’s revenue increases
with (1-p) and gets maximum at higher (1-p) region. On the other hand, CN’s revenue
first increases and then decreases with (1-p). This is because the first term in (3.4a) is a
logarithmic function with respect to (w.r.t.) (1-p), and the second term in (3.4a) is a linear
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Fig. 3.6 Pilot lease price versus iteration step when p=0.8.

function w.r.t. (1-p). Therefore, as (1-p) increases, according to the basic math theory, CN’s
revenue first increases and then decreases. In Fig.. 3.5, we define the normalized interference

power (NIP) as Iafter/ Ibefore:

NIP — Iafter _ Ialfter,PU + Iafter,CU _ Ialfter,PU + Iafter.,CU (3 6)
Ibefore Ibefore Ipefore Ipefore
—_— =

NIP_PU NIP_CU

where I e and Ipefore denote the total interference power from both PUs and CUs to adja-
cent PBSs after pilot leasing and before leasing, respectively. Iafer pu and Lyger,cu denote
interference power to adjacent PBSs from PUs and interference power to adjacent PBSs from
CUs, respectively. As the number of leased pilots to CN increases, NIP_PU decreases while
NIP_CU increases. Thus, NIP first decreases and then increases, and an optimum value
of NIP can be observed for a given (1 — p) = 0.5. As (1-p) increases, more pilots will be
leased to CN and less PUs can connect to PBS, which results in the decrease of NIP_PU.
On the contrary, as (1-p) increases, more CUs will be allocated pilots and connected to
CBS, which leads to the increase of NIP_CU. Note that, NIP_PU, NIP_CU and NIP are
kept constant when (1 — p) > 0.8. This is because there is no pilot trade for (1 — p) > 0.8.
In addition, the total interference from central cell to adjacent cells is lower compared after
pilots leasing. This is because PN will lease those pilots having serious pilot interference to
CN, and CN will allocate those pilots to CUs having the smallest pilot interference, which
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results in the decrease of total interference after pilot trade. Fig. 3.6 presents the pilot lease

price convergence behavior at each iteration when p=0.8.

3.4 Conclusions

In this chapter, we have studied the pilot allocation problem in mMIMO-CR HetNet. The CN
is allowed to rent the orthogonal pilots from the PN for their channel estimation, while the
number of available pilots in the PN is reduced. The proposed system model and algorithm
achieve a win-win paradigm between PN and CN, The results show that the PN and CN
can obtain positive revenue, which implies that pilot sharing concept between PN and CN is
effective in improving the performance of both PN and CN. In other words, although the PN
must sacrifice some pilots, it can get more profit in addition to decrease the total interference
to adjacent cells, while the CUs are allowed to share the orthogonal pilots with PUs.






Chapter 4

Power Allocation for Cognitive Radio
Type Heterogeneous Network with
Massive MIMO

4.1 Introduction

In chapter 3, we have proposed a pilot allocation scheme for the mMIMO-CR HetNet, but
the infinite number antennas at BS is assumed and the power allocation is also not considered
for simplicity. Therefore, in this chapter, we will consider the limited number antennas
at BS and power allocation problem. For traditional MIMO-CR networks [24]-[27], PUs’
interference is caused by CUs’ data transmission. However, for mMIMO-CR networks,
PUs’ interference is also impacted by pilot transmission. The authors in [28] guarantee
PUs’ QoSs in mMIMO-CR networks by setting the peak interference level and study the
impact of large-scale PBS antennas on mMIMO CN. However, the pilot contamination is not
considered. A pilot allocation scheme for mMIMO-CR networks in [29] has been proposed
to maximize the channel estimation quality of CUs while minimizing a negative impact on
PN’s channel estimation. In [30], a reciprocity-based mMIMO-CR beamforming scheme has
been proposed to reduce the interference from CUs to PUs. To reduce pilot contamination
and training overhead, a full-space spatial spectrum-sharing for mMIMO-CR networks with
reduced training overhead is proposed in [31] with an efficient 2-dimensional-discrete Fourier
transform aided direction of arrival and angular spread estimation. However, in [29]-[31],
the power allocation of the CN is not considered. Efficient power allocation scheme may

eliminate (or significantly reduce) harmful interference to the PN while maximizing the
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performance of the CN. In [19], the authors investigate the pilot and power allocation problem
to maximize EE of multi-cell mMIMO networks. However, the CR network is not considered.

In this chapter, we study the power allocation problem in mMIMO-CR HetNet with
pilot contamination. Unlike the conventional approach, where PUs’ tolerated interference
levels are imposed to guarantee their QoSs, we introduce the required signal-to-interference-
plus-noise-ratio (SINR) for PUs further improving the performance of the CN. The main

contributions are summarized as follows:

e We propose an orthogonal pilot sharing scheme in TDD-based mMIMO-CR HetNet,
where CUs always share the overall spectrum with PUs if they are allowed to access
the primary spectrum. Since the orthogonal pilots are preferentially allocated to PUs,
CUs are only allowed to access the primary spectrum when there are temporarily
unused orthogonal pilots. Then, these CUs use obtained orthogonal pilots for channel

estimation in pilot transmission phase.

e We derive the CU’s ergodic downlink rate and formulate the power allocation opti-
mization problem to maximize the downlink sum rate of the CN subject to the total
transmit power constraint. To guarantee PUs’ QoSs, the required SINR for each PU is
considered. Since the formulated problem is nonconvex, we transform it into a convex
one by using convex approximation techniques. Then, an iterative algorithm is proposed
to obtain the solution. Meanwhile, we prove that the obtained solution satisfies the

necessary Karush-Kuhn-Tucker (KKT) conditions of the original problem.

e We theoretically analyze and discuss the impact of the number of CBS and PBS
antennas on the downlink rate of the PN and CN. Our findings illustrate that: i) for
the fixed number of CBS antennas the downlink rate of each CU is close to zero when
the number of PBS antennas approaches to infinity; ii) for the fixed number of PBS
antennas the downlink rate of some PUs is close to zero when the number of CBS
antennas approaches to infinity; iii) when the number of PBS and CBS antennas grows
simultaneously the downlink rate of PUs or CUs is affected by the transmit power and

pilot contamination from adjacent cells.

4.2 System Model

We consider a downlink communication system that consists of a multi-cell multi-user
mMIMO-PN and a single cell multi-user mMIMO-CN as shown in Fig. 4.1. We assume that
there are L cells in PN, where each cell consists of a Mp antennas PBS and Kp single-antenna
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Fig. 4.1 System model for mMIMO-CR networks.

PUs. In CN, there are a Mg antennas CBS and Ky single-antenna CUs. All PBSs or CBS
serves their own users with the same time-frequency resource. The CUs located in the
coverage region of the central PC share resource (i.e., pilots and spectrum) with PUs. It
means that, theoretically, the single cell CN can have similar coverage area with that of
the central PC (i.e., the CBS has the similar location with the central PBS). The central
cell in PN is labeled as the 1-st cell. To avoid serious pilot interference, all PUs in each
cell use orthogonal pilots ¥ = [y, ¥,, -, I[IKP]T c ¢KexKe where l[l:.r Y, =p and p is the
pilot signal power. The i-th pilot is allocated to the i-th PU for channel estimation in each
cell. The same orthogonal pilot sequences are reused in adjacent cells. When there are Kt
(Ks > Kr) inactive PUs in the 1-st cell, the pilots {1,---,Kp — Kt} are used by PUs in the
1-st cell and the pilots {Kp — Kt + 1,Kp — Ky +2,--- ,Kp} can be used by CUs. Similarly,
we assume that the (Kp — Kt + n)-th pilot in the 1-st cell is allocated to the (Kp — K + n)-th
CUn={1,2,--- ,Kr}).

The following assumptions are adopted in our study:

e A high speed backhaul link is available between PBS and CBS for feedback of the

channel state information and users’ locations information [32]-[34].
e Ideal synchronization between PN and CN is realized by a backhaul link [32]-[34].
e The PBS periodically shares the available primary pilot information with the CBS by
Operation, Administration and Management system via backhaul link [32]-[34].
e The deployment of CBSs is sparser in comparison with PBSs. Thus, the interference

between CBSs can be neglected.
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4.2.1 Uplink Training Transmission

During the uplink training phase, the CBS receives the signal matrix Y? € €Ms>*Ke which is

expressed as

Kp
S__
Y Z Z ﬁEShIJka+ Z lplsmhllml”m Z lslsnhllnl”n +V1 (41)
j=2k=1 n=Kp—K1+1

In the above expression, BIPJSk and hlf?k denote the large-scale fading coefficient and the
Mg x 1 small-scale fading vector for the channel between the CBS in the 1-st cell and the k-th
PU in the j-th cell, respectively. ﬁlslsk and h?fk, respectively, denote the large-scale channel
coefficient and the Mg x 1 small-scale fading vector for the channel between the CBS and
the k-th CU in the 1-st cell. V| € €Ms*Kp i AWGN at CBS whose elements are distributed
according to €4 (0,62). We assume each fading vector hiy ~eN (0,In) [19] where
* € {SS,PS}. The large-scale fading coefficient is assumed capturing the path-loss effect as
By w=1 /dY K [19]: d; jx denotes the distance between CBS and the k-th PU (CU) in the j-th
cell and « is the path-loss exponent.

The minimum mean-squared error (MMSE) estimate of the channel h?lsn can be expressed
as [35]

b, = \/BE.Qu YT, (4.2)

~1
where Q1,, = ( oLy + Pl ( Y BBSH + /31 | n) ) . The estimated channel can be written

hlln - hlln h11n7 (43)

where hﬁn is the error term. From (2), we easily observe that hlln is €N (0,011,). Since
hﬁn is independent of h?f‘n, h?fn is also €A (0,Ip, — ®11,) With

Pﬁnn

@1, = pB,Qun = .
5 PS 4.4)
GIMS+pIMS Zfﬁljn—i_ﬁlln
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4.2.2 Downlink Data Transmission

During the downlink data transmission phase, the received signal at the n-th CU in the 1-st

cell can be written as

Kp KT
S _ SS SST . SS /s SP SPT
Yin = Z V BrinPribyy, witixy; + \/ Bnnpthnnwllmxlm

=Kp—K1-+1
e 4.5)
Z Z jlnpt jli’l ijxjk vl)’l?
J=2k=

where ]11 P and hfi, respectively, denote the large-scale fading coefficient and the Mp x 1

small-scale fadmg vector for the channel between the PBS in the j-th cell and the i-th CU
in the 1-st cell. w and w11 , respectively, represent the precoding for the CU and PU.
Each PU’s transmit power is assumed the same and denoted by p;, where Pj; is the transmit
power of the i-th CU in the 1-st cell. x j; and x}; denote the data symbols of the PU and CU,
respectively, with unit average power, i.e., E{|xx|*} = 1 and E{|%};|*} = 1. vy; is AWGN
received by the i-th CU in the 1-st cell.

When the number of BS antennas approaches to infinity, the performance of MF or ZF
detector optimally converges. Due to the high complexity of ZF detector (high dimension

channel matrix inversion [36]) and mathematical trackability of MF detector we only consider

MF detector. Following this, we have w(}, = h?i / ||h111|| and w ; ]k = hl;ﬁ( / ||h5)})k|| where
h®P is the MMSE estimate of h*%.

We rewrite (4.5) as follows

Kp Kp KT
S _ SS SSt SST...SS / SP
Yin =1/ ﬁllnplnhllnwllnxln+ Z \/ 11nP11h11nW111X1z \/ ﬁnnpthnnwllmxlm
~ i=Kp—Kp-+1
Desired : signal i#n -

(. J/

~~ Intra—cell 1nterference from PN
Intra—cell interference from CN

L Kp

+) Z\/ S ph T w ],kx]k+ Vin - (4.6)

] =2k= N01se

Inter— cell interference

From (4.6), we find that the interference of the CU includes three components: i) the first
component is the interference among CUs, ii) the second component comes from PBS of the

same cell with CBS and iii) the third component comes from PBSs of adjacent cells.
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The ergodic downlink rate of the n-th CU in the 1-st cell is obtained as follows:

2
SSt
Ro—1 1+P1”B11n {hllnwlln}‘ @7
with the interference term IN given by
sS SP
IN —PlnﬁnnVaf{hn;Wun} + szz ]lnptE{ ’h]hj j]k‘ }
j
SPt 2 & SS SSt SS 2
+ Z BllnptE{‘hllnwllm‘ } + ) BllnPIiE{ ‘hlanHl’ }+G -
i=Kp—K1+1
i#n
For the given P = [Py(x, k;+1}, -, Pik,)» the rate can be represented by
1/78 )P BSS "E2 {9
L+bL+L+14+0
where
( sS Ss Kp
= PuBS, (%varw}ﬂ—%ﬁ Y B P
In In i=Kp—K1+1
i#n
j]n 2 ﬁjsllzl
in 4.9)
L Kp
Kp—KT
Iy= Z Bt
\
In the above expressions, 9 = /Y. 5| |u|? and € = MP P lum|?, {um}isiid. €47(0,1).
’clsn, T;,» and the detailed proof can be found in Appendix A

4.3 Problem Formulation

In CR networks, the CN must control its transmit power to avoid harmful interference to PUs.
Therefore, we usually impose restriction to interference power of the CN and guarantee PUs’
QoSs (e.g., an average interference power constraint [37]-[38] and a peak interference power
constraint [39]-[40]). In this chapter, we consider the minimum required SINR of each PU as
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the constraint as SINR j; > n i, where 7 denotes the minimum required SINR of the k-th

PU in the j-th cell. Therefore, the power optimization problem is formulated as

max X (P ZRln (4.10a)
n_Kp K1+1
Kp
st Y Py < Prax, (4.10b)
FZ:KP—KT+1
ie{1}, ke{l,--- Kp—Kr},
SINR >4 & { p—kr} (4.10¢)
]6 {27 7L}7k€ {17 7KP}7
P, >0 ne {KP—KT-I-I, .- ,Kp}, (4.10d)

where(4.10b) is the total power constraint of the CBS, and (4.10c) is used to guarantee the
each PU’s QoS. In fact, (4.10c) is function of P and thus problem (4.10) can be rewritten as

max Z(P ZR.,, (4.11a)
P n=Kp—Kr+1
Kp
Zpln S min{IPaPmax}a (411b)
n=Kp—Kp+1
Kp kE{Kp—KT+1,"~,Kp},
Y Piut&iPu < i (4.11¢)
1=Kp—KT+1 .] € {27 T 7L}7
n#k
P,>0 nG{Kp—KT+1,---,Kp}, (4.11d)

with

)
Ip = min{[ k) Lx (Kp— KT)},

I (1/75)PB "E*{e} g _q_q
Tk = BF% jk < Mjk hi=H=1h),

51k:< WE{9?}+1- ﬁllk)
L ik

11,1, I and detailed proof can be found in Appendix B.

From the proof in Appendix B, we observe that the PUs’ SINR increases with the number
of PBS antennas and decreases with the transmit power for CUs. Therefore, there is an
advantage to use (4.10c) as constraint. For example, when the number of PBS antennas
increases, the CBS can transmit a higher power, which improves the downlink sum rate of the

CN. However, this constraint brings more difficulties to design the power allocation strategy.
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Since the power, P, appears in the denominator of each CU’s SINR, the objective function
(4.11a) is not concave and (4.11) is a non-convex optimization problem, which is difficult to

directly solve. Next, we propose an iterative algorithm to address the above problem.

4.4 The Solution of The Optimization Problem

In this section, we first transform the original non-convex optimization problem into a convex
one by approximation. Then, we iteratively solve the approximated convex optimization
problem. Finally, we prove that the obtained solution satisfies the necessary KKT conditions
of the original problem (4.11).

4.4.1 Problem Transformation

First, we present the following lower bound [41]
alnx+b <In(1+x), 4.12)

that is tight at a given x = xg. The coefficients a and b are selected as

X0
a =
1+x0’

X0
1 + X0

b=1In(1+x)) — Inx. (4.13)

After some manipulations by using (4.12) and (4.13), we define the lower bound on the

achievable downlink rate for the n-th CU as

Rln(P;alnabln)
1/ VP BSS *E2{ (4.14)
:(amln<< JTPB B0

L+bL+1; -|—I4+(72

where ay, and by, denote the coefficients given in (4.13). The coefficients are updated by
replacing xo with Py, in each iteration. Since (4.14) is still non-concave, we define Py, = ef»
and the lower bound of achievable ergodic downlink rate (4.14) can be transformed into

(4.15). According to [41], In-sum-e is convex and (4.15) is concave function of P.
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i=Kp—K7-+1

Rln(ep,a1n,b1,1)= dain C] ePl” —In (D]nepl"ﬁ Wt Z ﬁlslsepl’-h/%) +b1, 10g2e
i#n

=lay|In Cln +P1n—111 Dlneﬁ” 11,1‘" Z ﬁlslsn Pl"h/%) +b1, logze.
i=Kp—Kp+1
i#n

(4.15)
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Next, we transform the original problem into the convex optimization problem as follows:

o« Kp N
max ’%(€P7aab) = ZRln(epaalnybln) (4153.)
P n=Kp—K7+1
Kp
st Y e <min{lp, Puax}, (4.15b)
n=Kp—Kr+1
K 5 ke {Kp—Kt+1,---,Kp},
ZePln_i_élkePlk < Iy {Kp—Kr ol (4.15¢)
n=Kp—Kr+1 .] € {27 e ,L}7
n#k
efin >0 ne{Kp—Kr+1, - Kp}, (4.15d)
where a=[a1(k, kp1), " A1kp) and b= bk, g1y, s Diks-

Since (4.15) is a convex optimization problem, the duality gap is zero and solving its
dual problem is equivalent to solve the original problem [42]. Therefore, we address its
dual problem to obtain the solution of (4.15). Then the obtained power is transformed to

the P-space by P, = efin,

We note here that the optimal solution of the above problem is a
lower bound of the original problem given by (4.11). Based on the following theorem, the
efficient solution of problem (4.11) can be obtained by iteratively solving the above defined

problem in (4.15).

Theorem 4.4.1 The value of the objective function given by (4.11) will be either improved

at the (t+1)-th iteration, or remained at the same value as the previous iteration, namely

% (P(’)) <% (P(f+1)>.
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Proof We assume that P() is optimal solution of problem (4.15) at the ¢-th iteration. Then,

we have
% (", a,p0) (%)%( PO} 2 57 (& (a) ) b))
(g)%( e (a)(f+‘>,b<f+1>) 4.16)
(%>%< pi-1).

From (4.16), we observe that the optimal value of the objective function in (4.11) at
the (¢ + 1)-th iteration is larger than that at the 7-th iteration. In fact, inequality (a) follows
from (4.12); equality (b) holds because of the tight approximation at the current power
{e PO glt+1) p+1) )}; inequality (c) holds because "V and P

0pt1ma1 and fea51ble solution for problem (4.15) at the (¢ + 1)-th iteration; the last inequality

, respectively, are the

directly comes from (4.12). |}

4.4.2 Problem Solution

Next, we focus on solving the dual problem of (4.15). First, we define the following Lagrange

dual function

g(A,pu) =max L(P,A,p), 4.17)
PeQ
where
5 Kp 5 _
L(P,;L,y,): Z daip ln(Cln)+P1n—ln DlneP" 11n+ Z BISSn P"—h/% +b1, | logye
n:Kp—KT-‘rl l—KP#KTﬁ»l
’ (4.18)

Kp _ L Kp Kp - -
A min{lp, Prax}— Y. M )+Y Y | S Y M Ee

n=Kp—K1+1 Jj=2k=Kp—K1+1 ’?KP;II:T‘*'I
n

Q denotes the feasible domain defined by (4.15b)—(4.15d), A and . = {pj }(j€{2,...,.L}, ke
{Kp—Kr+1,...,Kp}) denote the value and vector of the dual variables associated with con-

straint conditions (4.15b) and (4.15c¢), respectively. Based on this, the dual optimization
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problem is given as

min g(4, )
A (4.19)
s.t. A,u>0.

Since a dual function is always convex [43], we minimize g(A, ) through subgradient

method. The dual variables can be updated as follows:

— KP +
A = 120 L0 [ Y Pln_min{IP’PmaX}>] )
n=Kp—Kr+1
- + (4.20)
) _ |0 0y
T T Y. PutuPu— I )
n=KpKp+1

n#k

(s)

where s represents iteration index. g(s) and ¢ j,i , respectively, represent the step sizes in the
s-th iteration. The step size of dual variables is chosen based on the diminishing step size
rule to guarantee convergence. Note that in (4.20), we have backed to the P-space.

However, solving the dual problem in (4.19) involves the optimal P for given dual
variables A and . We apply the KKT condition [43] and obtain the power as

A+,
2D1nﬁls1sn

SS
\/(%nw%))z 4 Lubipanl Tt Al g, g

: 4.21)

where &1, = I)(:P BPS P, 02/1n=):§:z Njn§1n+2§:2 Ig Mk
i=Kp—Kp-+1 k=Kp—K-+1

Here, we ﬁn(fét'ilat (4.21) is a fixed point equation, name]i;nP also appears in the right side
of equation (4.21). According to [41], we can obtain the value of Py, based on the fixed-point
power update. Summarily, to solve our formulated original problem (4.11), we first initialize
the parameters a and b. Then, (4.11) can be transformed into a convex optimization problem
(4.15) by approximation, which can be solved by classical Lagrange dual and subgradient
methods. Next, we update a and b with obtained power according to (4.13) and resolve
problem (4.15). The above process is repeated until the sum rate converges. We summarize
the above method as Algorithm 2.

Next, we have the following theorem.

Theorem 4.4.2 The solution obtained by iteratively solving the approximated problem in
(4.15) satisfies the necessary KKT conditions of the original problem given by (4.11).
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Algorithm 2: Proposed Power Allocation Algorithm

1 Initialize a") = 1,b() = 0, the maximum tolerate ¢, iteration index ¢ = 0.

2 repeat

3 Initialize dual variables A and u.

4 repeat

5 Obtain the power allocation Py, via (4.21) and fixed-point power update [41].
6 Update dual variables A and y via (4.20).

7 until Dual variables converge;

Compute the sum rate Z2(P,a") b)),
Updater =1+ 1.

10 Update a¥) and b") via (4.13).

1 until | Z(P,a"t) bty — 2P a®) b)) <e;

e ®

Proof First, we consider the following optimization problem:

max fo(X) (4.22a)
st fi(X)<0,i=1,2,--- M, (4.22b)

where the objective function fy(X) and constraints f;(X) are assumed as nonconvex. Next,
we select a convex function f;(X) so that f;(X)~ f;(X) (i=0,1,2,---,M). The approximate
problem is a convex optimization problem, which can be solved by standard convex method.
According to [44], the solution of approximate problem can converge to a point that satisfies
the KKT conditions of the original problem, if the approximations satisfy the following
conditions:

(1) fi(X) < fi(X) for any i.

() fi(Xo) = f:(Xo), where X is the optimal solution of the approximate problem in the

previous iteration.

(3) Vfi(Xo) = Vfi(Xo) for any i, where V means the derivation operation.

According to the defined parameters a and b in (4.12), (4.13) and (4.14), it is easy to
verify that our proposed convex approximation satisfies (1) — (3) simultaneously. Therefore,
the proposed iterative algorithm would converge to the solution that satisfies the KKT
conditions of the original problem. We finish the proof. Accordingly, the obtained solution at
least reaches a local optimum of the original problem, which indicates that it has the potential
to reach the global optimality.
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4.5 Performance Analysis of the PN and CN with mMIMO

In this section, we assume that the PBS or CBS is equipped with very large-scale antenna

arrays and then, we analyze the downlink rate of the PN and CN.

4.5.1 Mp — o and Ms is fixed
The downlink rate of the CN

We find that all other terms in (4.8) are limited constants except for the interference term /.

I, can be expressed as follows

Sp SP
jln 2 Jjln
Z fop | P EE -
Jn jn
SP Sp
]1}’1 Jjln
= Z ,m X Mp+1——5=|.
28 T3
jn

Jl’l

(4.23)

From (4.23), it can be observed that the interference term I, increases with Mp, and
I — o when Mp — 0. Therefore, according to (4.8), the downlink rate of each CU will be

close to zero when Mp — oo.

The downlink rate of the PN

From Appendix B, we can get the SINR of the k-th PU in the j-th cell as follows

(1/ ,k)Ptﬁ,,k Ez{g}

SINR j, = . 4.24
ML+ B+ L+, +0? (429
Before analyzing, two formulas are brought: duplication and Stirling’s formulas.
1
C(m)T(m+ 5) =2 2(=2m) /70 (2m),
! (4.25)
lim —=1.

n—eo \/2nn"e(—1)
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According to (4.25), we have

m ~ lim o (1-2mp) (2Mp —1)!
Mp—oo /Mp F(Mp) Mp—eo \| Mp (MP — 1)'(Mp — 1)'

= lim \/Iz(l—ZMP) 2w (2Mp—1)(2Mp— 1) 2MP_1)).
MP Zﬁ(MP—l)(MP 1) l)e (426)

, 2Mp — 1 1 Mp—l
= lim 1+ — e
Mp—+oo 2Mp 2(MP — 1)

Mp—>o0 Mp Mp—>o0

When k < Kp — KT, (4.24) can be approximated as follows

Thus, lim E’{e} =1]land lim @ =0.

1/t “B2{¢
lim SINR ; = lim (,/ J’j)pt[,a”", te)
Mp—soo ]Hool + I, +1,+ 1+ o
(1/<5)pB° B (4.27)

Jjik
im .
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Mp Y _ ﬁl jk
I#]

Accordingly, the downlink rate of each PU is only affected by pilot contamination from
adjacent cells.

When Kp — K1+ 1 < k < Kp, (4.24) can be approximated as follows

ﬁPPZ
lim SINR j = —2° (4.28)
Mp—re0 [)’PPZ
l);j 1jk
1#1

In fact, (4.28) is similar to (4.27), and only difference is that the 1-st cell does not produce
interference to PUs located in other cells .
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4.5.2 Mg — o and Mp is fixed
The downlink rate of the CN

We rewrite the SINR of the n-th CU as follows

2
L+b+L+1L+0%

SINRj, = (4.29)

From (4.29), we find that the denominator is a limited constant when Mp is fixed, so

2
lim W# =0. According to (4.25) and (4.26), we have lim = 1\;{119} = 1. Therefore,
MS*>°° Msﬁoo S

the downlink rate of each CU goes to infinite when Mg — co.

The downlink rate of the PN

When k < Kp — KT, we rewrite the SINR of the k-th PU in the j-th cell as follows

q+4+4+q+or

SINR j, = (4.30)

From Appendix B, we find that there is no relationship between (4.30) and Ms. Thus, the
SINR of the PU is affected by Mp, transmit power for PUs and CUs, and pilot contamination.
When Kp — K1+ 1 < k < Kp, it is clear that all other terms in (4.24) are limited constants

except for the interference I that is represented as

L’; _ Z BljkPln‘f’ﬁUkPlk (ﬁukE{ﬁz} 1_ﬁ11k>

n=Kp—Kp+1 lk lk
n#k
ﬁl ik ﬁl ik
= Z ﬁl]kPln+ﬁ1JkP1k J —Ms+1—— J (4.31)
n= KP KT-H le le
n#k

It can be observed from (4.31) that the interference term Ii increases with Mg, and L’1 —» 00

when Mg — oo. Therefore, the downlink rate of each PU will be close to zero when Mg — oo,
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4.5.3 MS — oo and Mp — o0

The downlink rate of the CN

According to (4.8), we have

S \Pr. BSS TR2(
Iim SINR;,, = lim ( / ln) lnﬁlln { 2}
Y- Msoe Iy +h+ I+ +0

IMP*N><J MP

2 4.32
— lim (l/rln)Plnﬁlln — PlnBISISn ( )

Mg—soo 11+12+]3+I4+02 L 2.
e v su— PS
Mp—reo Mp P X len
Jj=2

It is observed in (4.32) that the downlink rate of each CU is affected by two factors:

transmit power for PUs and CUs, and pilot contamination.

The downlink rate of the PN

When k < Kp — K1, we have

"E2{e
lim SINR j; = lim U/ k>ptﬁ]]k te)

Mp—e —>°<>I’—|—I’+I’+I’+62
Ms*>°°
PP2 PP2 (433)
o WmeBlT B
 Mpoe I+L+LAL+02 L 2
o B A Bl Al PP
Mg—ee Mp Z.ﬁljk

It can be found that (4.33) is the same with (4.24), and there is no interference from
the CN.
When Kp — K1+ 1 < k < Kp,

pp2
pBj;
lim SINR j; = ik . (4.34)
P 2
Mg —re Pt Z ﬁl]k +P1kB1Pﬁ<

1#1

It is clear that the downlink rate of the PU is affected by two factors: transmit power for
PUs and CUs, and pilot contamination.

According to the above analysis, for a given transmit power for PUs and CUs, we observe
that:
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1) The downlink rate of all CUs will be affected seriously when the number of PBS
antennas approaches to infinity.

2) The downlink rate of some PUs (PUs located in adjacent cells use the same pilots with
CUs in the 1-st cell) is seriously affected when the number of CBS antennas approaches
to infinity.

3) When the number of CBS and PBS antennas approaches to infinity simultaneously,
the downlink rate of CUs and PUs will be affected by transmit power and pilot contami-
nation.

Thus, for fixed transmit power, the number of CBS antennas should not be great larger
than that of PBS antennas. Otherwise, some PUs’ QoSs may not be guaranteed according to
(4.31). On the other hand, when the number of antennas at PBS is larger than that of CBS,
the CN should not be allowed to access spectrum because the downlink rate of CUs will
be very low according to (4.23). Therefore, for the PN and CN, to fully utilize the limited
time-frequency resource, the number of PBS and CBS antennas should be close each other.

Note that the power control of the CN is not considered in above analysis. For a given
transmit power of the PN and the number of PBS antennas, the CN has to decrease its
transmit power to guarantee PUs’ QoSs as the number of CBS antennas increases. Therefore,
the increase of CBS antennas may not result in higher rate of the CN. On the other hand, for
a given number of CBS antennas, the increase of PBS antennas degrades the rate of the CN,
but this allows the CN to transmit higher power for CUs so that the rate of the CN may not
decrease. The above discussion are presented in following section.

4.6 Numerical Results and Discussions

We consider a mMIMO-CR HetNet that consists of a PN (L = 3 PCs) and a CN (single
CC). There are Kp = 4 PUs in each PN cell and Ks = 4 CUs in the SC. The total number
of orthogonal pilots is 4 and PUs located in the same PN cell use orthogonal pilots and
different PN cells reuse the same pilots. The same transmit power p;=10 dB is assumed for
all PUs. The cell radius (from center to vertex) is r. = 1000 meters and the cell-hole radius
is r, = 100 meters (the users are not located in this area). We assume that one of the PBSs
has the same geographic location with the CBS. The noise power is -174 dBm/Hz and the
total bandwidth is 10 MHz. The pilot SNR is 5 dB. We assume that there are 2 inactive PUs
in the PN cell which has the same geographic region with the CN cell and all PUs in other
PN cells are active. The path-loss exponent is &¢ = 3.8.

Fig. 4.2(a) plots the downlink sum rate of the CN versus the maximum transmit power
Prax for different number of antennas at PBS and CBS when 11 = 8 dB for all PUs. It can be
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Downlink sum rate of the CN (bps/Hz)

Pmax (dB)

(a) SINR constraint

Downlink sum rate of the CN (bps/Hz)

Pmax (dB)

(b) Peak interference power constraint

Fig. 4.2 Downlink sum rate of the CN versus Ppax with =8 dB.
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Fig. 4.3 Downlink sum rate and corresponding transmit power of the CN versus Mg with
N=8 dB, Ppnax = 10 dB.
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observed that the downlink sum rate of the CN first increases and then stabilizes with Pyax.
This is because the CN is not allowed to transmit higher power due to the constraint of 7.
Before reaching stabilization, for the same Mg, the downlink sum rate of the CN is slightly
higher when the PBS is equipped with less number of antennas. The reason is that all power
is efficient utilized by the CN. On the contrary, after reaching stable state, for given Mg, the
downlink sum rate of the CN is slightly lower when PBS is equipped with less number of
antennas. This is because the PU’s SINR increases with Mp, so more power is consumed
by the CN for a given 7, resulting in a higher downlink sum rate. We can also find that the
downlink sum rate of the CN is higher when Mg = 100 in comparison with Mg = 50. It is
clear that more antennas at CBS result in a higher rate.

We compare the downlink sum rate of the CN under different constraint conditions, i.e.,
we used SINR constraint and traditional peak interference power constraint [39]-[40]. We con-
sider the following equivalent preprocessing: According to SINR ;i > 1, we obtain the inter-
ference term caused by the CN as [ < %(I/T}?k)pt jpjizEz{e} — (I + I, + I+ 62). Then, we
set Mp = 50 and define the interference power constraint as [, = %(1 / r}.)k) Dt JPJ.IZZIEz{g} —
(I + I, + I, + 62) when Mp = 50, namely using I} < I,;, replaces the constraint condition
(4.11c). We plot the downlink sum rate of the CN versus the maximum transmit power
Phax for different number of antennas at PBS and CBS when 11 = 8 dB for all PUs in Fig.
4.2(b). We find that the downlink sum rate of the CN is the same under these two schemes
when Ppn.x < 14. However, the downlink sum rate of the CN with the SINR constraint is
higher than that with traditional peak interference power constraint when Ppax > 14. In fact,
for traditional peak interference power constraint, the number of PBS antennas does not
influence the transmit power of the CN. On the contrary, the PU’s SINR is related to the
number of PBS antennas and more PBS antennas will lead to higher SINR. Thus, for a given
N, the CN will be allowed to transmit higher power for a large number of PBS antennas,
which improves the CU’s rate. Thus, by using the SINR constraint, a higher rate of the CN
is achieved for a high Py, which can be improved by about 10% in comparison with the
conventional peak interference power constraint.

Fig. 4.3 shows the downlink sum rate and the corresponding total transmit power of the
CN versus Mg, respectively. We set 11 = 8 dB for all PUs and Ppax = 10 dB. From Fig. 4.3(a),
we observe that the downlink sum rate of the CN first increases until the stabilization is
reached. The similar reasons have been explained in Fig. 4.2(b). On one hand, more antennas
at CBS lead to higher downlink rate. On the contrary, more antennas at CBS will cause more
interference to the PN. To guarantee PUs’ QoSs, the CN has to decrease the transmit power
as shown in Fig. 4.3(a). Therefore, the total transmit power of the CN decreases with Mg, but
the downlink sum rate of the CN does not decease thanks to the increase of CBS antennas.
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Fig. 4.4 Downlink sum rate of the CN versus Mp with =8 dB, Pyax = 10 dB.
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Fig. 4.6 Downlink sum rate of the CN versus Mg with =8 dB, Pn,x = 10 dB under different
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Fig. 4.7 Downlink sum rate of the CN versus Mp with =8 dB, Pyax = 10 dB under different
number of active CUs.
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Fig. 4.8 Downlink sum rate of the CN versus iteration number.

Fig. 4.4 shows the downlink sum rate of the CN versus Mp for different Mg with n=8 dB
for all PUs. For a given Mg, we find that the downlink sum rate of the CN decreases with Mp.
The impact of 1) on the downlink sum rate of the CN under different Mp when Ms=100 is
shown in Fig. 4.5. For a larger Mp (e.g., Mp=200), the PU’s SINR is higher and (4.11c) is a
loose constraint for given 1) (7 dB ~ 10 dB) when Px=13 dB, 14 dB and 15 dB. Therefore,
the downlink sum rate of the CN is a constant for given total transmit power. However, for a
smaller Mp (e.g. Mp=100), the PU’s SINR is lower. To guarantee PUs’ QoSs, the CN is not
allowed to transmit higher power for a larger 1. Therefore, the downlink sum rate of the CN
will decrease.

In Figs. 4.6 and 4.7, we assume 8 PUs in each PC and different number of active CUs
in SC. Fig. 4.6 shows that the downlink sum rate of the CN versus Ms when Mp = 300.
The legend “3 CUs" denotes that 3 CUs share the primary pilots. Similarly to Fig. 4.3(a),
the sum rate first increases and then stabilizes with Ms. Meanwhile, we find that the sum
rate increases when more CUs are allowed to share the primary pilots, but the increased
ratio decreases due to the fixed total transmit power. In Fig. 4.7, Ms = 200 and the SINR
constraint is considered. Similarly to Fig. 4.4, the sum rate decreases with Mp and increases
with the number of active CUs.

Fig. 4.8 shows the downlink sum rate of the CN versus iteration number. We set Mg =
100, Mp = 50,1 = 8 dB. Here, we compare the convergence speed under different transmit

power Ppax. For a low Pyax, we find that the sum rate speedily converges. For example,
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4 iterations are needed to guarantee convergence for Ppax = 5 dB. As Ppax increases, the
convergence becomes slower. For example, about 15 iterations are needed when P = 15

dB. Thus, Ppax affects the performance of the convergence.

4.7 Conclusions

In this chapter, we have studied the power allocation problem for the mMIMO-CR HetNet
with pilot contamination. Following this, we formulated the power allocation optimization
problem to maximize the downlink sum rate of the CN. To effectively protect PUs from
harmful interference, we adopted PUs” SINR constraint or not traditional interference power
constraint. Then, a convex approximation-based iterative method was proposed to solve the
formulated problem, where the obtained solution can be guaranteed to satisfy KKT points of
the original problem. We analyzed the performance of the PN and CN when the number of
PBS or CBS antennas was assumed huge. The results show that the sum rate of the CN can
be improved by about 10% by using the proposed SINR constraint in comparison with the

conventional peak interference power constraint.



Chapter 5

Pilot Allocation for Small Cell Type
Heterogeneous Network with Massive
MIMO Marco Cell

5.1 Introduction

In chapters 3 and 4, we consider that the mMIMO and CR coexist to form a mMIMO-
CR HetNet, including PN and CN. In this chapter, we will consider the pilot allocation
problem in mMIMO-SC HetNet. It is well known that TDD is considered in mMIMO-
SC HetNet [17] [45, 46]. However, due to short coherence time, the number of available
orthogonal pilots for channel estimation is limited. In the case that orthogonal pilots are
provided for all SUs and MUs, an excessive pilot overhead is generated and data transmission
efficiency degrades. When the coverage regions of any two SCs are non-overlapping and their
distance is relatively large the same pilot may be reused by users in adjacent SCs [46], [17].
However, even in such cases, the inter-tier interference from MBS to SUs in downlink still
occurs and seriously affects the achievable rate in SCs. Thus, to mitigate the inter-tier
interference, it is necessary to estimate the CSI of the links between MBS and SUs while
minimizing the uplink pilot overhead.

In this chapter, we propose a new pilot allocation scheme for the two-tier TDD mMIMO-
SC HetNet, where a part of SCs is allowed to use the orthogonal pilots. We consider the
uplink pilot overhead and inter-tier interference coordination while maximizing the ergodic
downlink sum rate of MUs and SUs. Unlike the previous works in [17] and [46], the proposed
scheme enables the MBS to estimate not only CSIs of MBS-MUs links but also those of
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Desired signal Inter-tier interference

Fig. 5.1 The mMIMO-SC HetNet model.

MBS-SUs links. Consequently, the inter-tier interference from MBS to SUs can be mitigated

by a downlink beam-forming such as ZF technique.

5.2 System Model

We consider a downlink two-tier mMIMO-SC HetNet system as shown in Fig. 5.1, where K
SCs share the same time-frequency resource with an MC. In each SC, SBS equipped with
Njs antenna serves one single-antenna SU one time. As for MC, there is a Nyj-antenna MBS
and M (Ny; > M) single-antenna MUs are served by the MBS simultaneously. We assume
that the two-tier mMIMO-SC HetNet system operates in TDD mode, and the uplink pilot
and downlink data transmission are completely synchronous in both tiers. For simplicity, we
denote the SU in SC k by the SU k.
The received signal of the MU m can be expressed as:
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M

=), \/ PuBy, 0.m Om sz+2 \/ Ps ﬁ,f,i“ VkSk+n
i=1
—V PMB Om 2 W + Z \/PMﬁ(l)me 0.m Mwixi

~~ - l 1,i#m
Desired signal P ~ (5 1)
Intra—tier interference

X / S,M
Z km Vksk+ nm )
=1 ~—~~

.~ Noise

Inter—tier 1nterference

where Py and w; denote the transmit power and Ny X 1 precoding vector for MU i at the
MBS, respectively. We assume the same transmit power for each MU. Ps and vy, respectively,
represent the transmit power and Ng X 1 precoding vector at SBS k and Ps is assumed the same
for each SBS. The x; and s; are the transmit data for MU i and SU i, respectively, while n}
denotes the i.i.d. AWGN defined as CN(0,8?). B5F and h2 (a,b € {0,1,...,max{M,K}},
A, B € {M,S}) are the large-scale fading coefficient and small-scale fading vector between
MBS (a=0,A=M) or SBS a (a %OA S) andMUb(B M) or SU b (B=S), where
h B et P e s, and by b ~ CN(Opy,, Iny, ), 0> ; ~ CN(Ong, Ing).
Slmllarly, the recelved signal at SU k can be written as:

K
S.S /b BMSH
ylizz PSB[JQ hi VSI+Z PMBOk Ok mem—i—nk
i=1
P d S.51.5.,5
Sﬁkk kk"kskJr Y PsB hy visi

- i=1,i#k
Des1red signal N ~ v (5.2)
Intra—tier interference

+ Z \/Hv[ﬁ(l)vis 0.k mem+ nk ,

/ N01se

Inter—tier mterference

where n,f denotes the AWGN.
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5.3 Problem Formulation and Solution

In this section, we first derive the lower bound on ergodic downlink rate of the MU and SU.
Then, we formulate the pilot allocation problem for maximizing the ergodic downlink sum

rate. Finally, pilot allocation algorithms are proposed.

5.3.1 Ergodic Downlink Rate of The MU and SU

Firstly, we assume that the coverage regions of any two SCs are non-overlapping and the
distance between different SCs is large enough (to neglect their pilot interference), so that
the same pilot is reused in all SCs. At the same time, the MC uses another set of pilots that
are mutually orthogonal to SC pilot. Then, we can obtain the ergodic downlink rate of MU m
and SU £ as follows:

RM — (1 _ HTM) E {log, (1 +SINRM)} (5.3)
R} = (1—1+TM)E{10g2(1+SINR,§)}, (5.4)

where “1" and M denote that one orthogonal pilot symbol is shared by all SCs and M
orthogonal pilots symbols are uniquely allocated to M MUs, respectively. S denotes the total

transmission symbols per frame with symbol duration 7 and time duration per frame ST.

2
M
SINRM = AuPi ‘ho’" ) (5.5)
MIpM PoB (! 5
z_lzz’;émPMﬁO 0 m Wz +Z ﬁk +
2
SINR§ = — b ’hkkvk’ . (5.6)
IZ#PB h; vl‘ + Z PMB Swm’ + 62
i=1,i

For MUs, we apply ZF precoding scheme at MBS. Firstly, we define H = [(hg/llM)T, (hggM)T,
. (hg/IA}\Id)T] , and then we have:

W=H" (HH") . (5.7)
Therefore, the precoding vector w,, can be defined as w,, = W,/ ||W,,||, where W,,, is the

m-th column vector of W. For SUs, since only one SU is served one time in each SC, we

H
apply MF precoding scheme at SBS as follows: vy = / ||hS ST
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Then, we have the following proposition:

Proposition 5.3.1 With perfect CSI, the downlink achievable rate for MU m and SU k can

be lower bounded as follows:

MM
1+M Pupy,,, (Nm—M
1_3%=(1—+T)10g2 1+ KB‘)?’" (Wi — M) (5.8)
Y PP + 82
k=1
S 1+M PsBe (Ns—1)
gk:(1_T)1og2 1+ ’ . (5.9)

M K

M,S S,S
Y PuBy+ L BB 462
m=1 i=1,i#k '

The detailed proof can be found in Appendix C.

Based on the above analysis, it is clear that SUs seriously suffer from inter-tier interference
from MBS. To suppress inter-tier interference from MBS to SUs in downlink, MBS needs to
know CSIs of MBS-SUs links as well as CSIs with respect to MUs in own cell. However, it
is not practical solution to allocate orthogonal pilots to all MU and all SUs. To obtain the
optimal performance of the system, we propose a new pilot allocation scheme that allows a

part of SUs to use orthogonal pilots. The detailed description is presented below.

5.3.2 Problem Formulation

We assume that there are Ko SUs using the orthogonal pilots, where Kg is a parameter needed
to be optimized (0 < Ko < K) for maximizing the ergodic downlink sum rate. We denote
K SUsas # ={1,2,--- K}, Ko SUs as %o ={01,6,,---, 0k, } and other K — Ko SUs as
Hs ={%1, D, -, Ok}, where Ho U Hs = X, Ho(Hs =, Ho= for Ko =0and s =
for Ks = 0. Then, the MBS can obtain .%o SUs’ CSlIs, and the ZF precoding can be used at
MBS to cancel the interference from MBS to these % SUs as follows:

Wi = B (f{ﬁH) - (5.10)

- T
where H = [(hg?iM)T, ey (hOMJ’&\,A)T, (hl(\)/./lésl)T, ey (hg/}’eio)ﬂ , and hg/’léi denotes the small-

scale fading vector between SU 6; and MBS.
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Proposition 5.3.2 Ergodic downlink rate of MU m and SU 6y can be obtained as follows:

_M—K,
RV = (1—%)@2 1+PMﬁ (M o , (5.11)
zP[s M 52
P Ns—1
@%::(”‘Kb+gﬁ+g)k%2 1+ Sﬁ*QJ U (5.12)
Z Psrg+62
i=1,i£6y

where & = sgn(K — Ko) and sgn(x) = 1 for x > 0 and sgn(x) = 0 for x = 0. Similary, the
ergodic downlink rate of SU Oy can be expressed by

S,S
Ko+M PPy (Ns — 1
RS = (1_L_{—§) 10g2 l+ ﬁﬂk 19k( ) (513)

Ry, S
Zm%m+2Pﬁww2

l#ﬁk

The proof of (5.11)-(5.13) is similar to the proof for (5.8) and (5.9) (see Appendix C)
and it is omitted. Then, we formulate the following optimization pilot allocation (i.e., .#0)
problem

max YR Y B Y B,

m=1 670 PASYA
s.it. Ko <K, (5.14)
HoUHs = A,
HoNAs =

Here, we assume K + M < Ny, and we need to find the optimal ¥ for maximizing

ergodic downlink sum rate. The exhaustive search can be used to find the optimal .%o, but
the computational complexity is high as Z,K:o C;( = Z,K:o ﬁ and for a large number of

SUs it becomes practically infeasible.



5.3 Problem Formulation and Solution 65

Algorithm 3: Optimal SR-M algorithm

1 Initialize %2, = {r|,r},--- ,rk}, % = {r},r3,--- ,r¥ } according to (5.12) and
(5.13),A% = {Ary,Ary,, -+ ,Ary }

2 for Ko=0:K do

3 %<KO) :{Y07y177/27"' 73/1(0}’ where ’}/0:{0}

4 Computing ergodic downlink sum rate F(Kq) according to (5.16)
5 end for

s K, =argmax F(Ko)

7 ‘%/Ooptima](Ké) = {}/07’)/17}/27 T 7YK6}

5.3.3 Problem Solution
Optimal Sum-Rate Maximization (SR-M) Algorithm

To reduce the computational complexity, we first transform the original problem as:

M
M
F(Ko) & max Y R,+ Y, Ro+ Y Ry (5.15)
0 m=1 6,70 W EHS
Ko+M+
= <1_ 0 é) (Zr —|—max< Z I_”gk—F Z K?ﬁ))v
m=1 Ho 6o (/AW A

where

MM
M PMﬁo,,;, (NM_M_KO)
m = logz 1 + K SM 9
Z PSBk.;n +62
k=1 ’

S,S
PSBek'vek (Ns—1)

K S5 52
Z PSB,' 9k+
i=lite,

rg, =log, | 1+

S,S
Psﬁﬁl'( O (NS 1)

ZPMBo,gk+ P Pﬁlﬁk+62

\ m=

>

ry, =log, | 1+

For any SU &, we use (5.12) and (5.13) to obtain fsek and ’-’zssk’ and denote as r,i and
ry, respectively. Then, 7 can be obtained using (5.11). We define %, = {r|,r}, - ,rk},
Ky = {r%,r%, e ,r,z(} and AZ = {Ar% ATy, ,AryK}, where Ary, > Ary, when ¥ < y;, and
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Algorithm 4: Sub-optimal SR-M algorithm

1 Initialize %2, = {r},r}, - rK} P = {r,r3, - ,rg } according to (5.18) and
(5.19),A% = {Ary,Ary,, -+, Ary }

2 for Ko=0:K do

3 ‘%/O<KO> :{7’0771,7’2,"' 7YK0}’ where ’}/0:{9}

4 Computing ergodic downlink sum rate F(Kq) according to (5.16)

5 end for

s K, =argmax F(Ko)

7 ‘%/Ooptimal(Ké) = {’}/07,)/17’}/27 Tt 7,)/1(6}

Ary, = r (Yk € *). According to (5.15), we have:
F(Ko) 2 max Y RS+ Y RS + Z Ry (5.16)
IR SeE s
K +M—|—
— <1 O g)(z _|_Zrk—}—maX Z Aryk)
=1 Ao ke o

= (1—K°+—M+5) (Z rM+Z rk—l—ZAry>

where Z | Ary, = 0 when Ko = 0. According to (5.16), since Ko € [0, K|, we obtain the
optimal %5 and Kp using one-dimension search and summarize the above description in
Algorithm 3 (Optimal SR-M algorithm).

Sub-optimal SR-M Algorithm

To simplify the Algorithm 3, we propose a suboptimal algorithm that approximates the SU’s
location with the SBS’s location. Specifically, since coverage of each SC is small compared
with to MC with short distance between a SU and its associated SBS, the SU’s location can be
approximated as SBS’s location. Let us assume two SCs located in the two-tier mMIMO-SC
HetNet system as shown in Fig. 5.2. In this figure, the large-scale fading coefficient can be
approximated as

oS ~ By Sand By ~ By, (5.17)
Therefore, the interference terms Zf;e Psﬁ —|—52 and YM_ Py} ﬁk%—Z,#ﬁk ﬁ, 19/<+62
in (5.12) and (5.13) can be approximated as ):#Gk PSB +52 and Z 1PM[iO Y +Zl§£ﬁk

Ps [3?5?{—1—52, respectively. Hence, these two terms can be regarded as constants even when
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Fig. 5.2 Tllustration of approximation in Algorithm 4.

SU’s location changes. We can see that the MBS does not need to update l#,k Ps ﬁl ) 54+ 52

and Z%ZlPMBO 19k+Zl 2, Ps Bisbi+52 regularly, which can simplify the pilot allocation
algorithm. According to the above approximation, we have:

Ko+M Ps Ns—1
ngm(p%%)logz 1+ ﬁ"kek( ) , (5.18)
2 PB +62
i=1,i£6y
Ko+M PsB5>; (Ns— 1
,_Q%k%o_%%)logz I+— O 1’k< ) (5.19)

Z Pnaﬁwﬁ Z Py +62

z;éﬂk

Then, we can get %1, %> and A%, which have the similar computing process with Algo-
rithm 4. We call this suboptimal algorithm as Algorithm 4 (Sub-optimal SR-M algorithm).

SUs’ Fairness-Aware Algorithm

To consider SUs’ fairness, based on the original problem (5.14) we propose a SUs’ fairness-
aware algorithm. Here, the orthogonal pilots are preferentially allocated to relatively low-
rate SUs and then to maximize the ergodic downlink sum rate. According to the above
analysis, we sort % with ascending order and denote as %] = {ril,riz rkK} (A €
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Algorithm 5: SUs’ fairness-aware algorithm

1 Initialize 72 = {1} .1} ool b s = {372 2} according to (5.12)
and (513), AZ* = {Arll,ArM, ,AI’;LK}

for Ko =0:K do

’%/O(KO) = {1071172’27 e 7A’Ko}9 where AO = {@}

Computing ergodic downlink sum rate F(Kg) according to (5.20)

end for

K = argmax F(Ko)

7 ¢%/Oopnmal(K8> - {107)'13127 e aA‘KE‘)}

S U A W N

Table 5.1 Simulation parameters.

Parameters Value
Radius of macro cell 1000 m
Radius of micro cell 30 m
Number of MUs 50
Number of SBS antennas 4
Transmit power of MBS 46dBm
Transmit power of SBS 23dBm
Frame duration 200T
Pathloss between MBS and MU or SU | 27.3+39.11og10(d)
Pathloss between SBS and MU or SU | 36.8+36.71og10(d)
Downlink Bandwidth 10 MHz
Noise Power -174dBm/Hz

1 | 2 2
), where r, < " when A; > A;, then we can get %5 = {r/ll,r/lz, . r)L } and AZ* =
{A”kl Ay, 7Ar/l,<} (Ary, = r/llk — r/%k). Therefore, the F(Kg) can be written as follows:

F(Ko)= (1—K0+M+5) (Z f‘,r,}+zo:m&.>. (5.20)
= k=1 i=1

We summarize the above algorithm as Algorithm 5 (SUs’ fairness-aware algorithm).

5.4 Simulation Results and Discussions

The ergodic downlink sum rate of MUs and SUs for the proposed algorithms is compared
in this section. We consider a single MC with a radius of 1000 meters, where the MBS is
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Fig. 5.3 The ergodic downlink rate versus Ny with K = 50 and Ko = 20.

located at the center of the MC and MUs are uniformly distributed in the MC. We assume the
MC-hole radius is 100 meters (all MUs or SUs do not figure in this scenario), and the radius
of each SC is 30 meters. All SCs are randomly located within the MC, and SUs are randomly
located in each SC. As a typical example, we assume that the minimum distance between
the SU and SBS is 5 meters, and then the distance between any two SBSs is longer than 120
meters. The results are averaged over 107 trials. Other related simulation parameters are
listed in Table 5.1.

Fig. 5.3 plots the ergodic downlink sum rate of MUs and SUs versus Ny with K = 50,
respectively. In this figure, the lower bound of ergodic downlink rate is compared with the
simulation results, where Ko = 20 is used in the Algorithm 3. From Fig. 5.3, we can find
that the gap between lower bound of ergodic downlink rate and the simulation results is
small enough. Although the downlink sum rate of MUs increases with the number of MBS
antennas Ny, the downlink sum rate of SUs is kept constant, because SUs’ rate is given
regardless of Ny. In the following simulation, we just consider the lower bound of ergodic
downlink sum rate of MUs and SUs.

Fig. 5.4 plots the ergodic downlink sum rate versus Ko with Ny = 500 and K = 50. We
find that the ergodic downlink sum rate is a convex function of Ko. The performance gap
of the Algorithms 3 and 4 is very small, and the maximum ergodic downlink sum rate is
nearly the same. Since Algorithm 3 considers the SUs’ fairness (i.e., orthogonal pilots are
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Fig. 5.4 The ergodic downlink sum rate versus Ko with Ny; = 500 and K = 50.
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preferentially allocated to relatively low-rate SUs to improve their achievable rate), the sum
rate is lower than those of Algorithms 3 and 4.

Fig. 5.5 shows that the ergodic downlink sum rate versus Ny with K = 50. To compare
with the performance of our proposed algorithms, we also plot the ergodic downlink sum rate
of traditional pilot allocation schemes. For example, reference 1 considers the worst-case
interference between MBS and SUs, where all SCs use the same pilot [47], and reference 2
considers no interference between MBS and SUs, where all SCs use orthogonal pilots [48].
Obviously, our proposed algorithms effectively improve the sum rate of the system (about
12%) in comparison with the references 1 and 2. In addition, we also find that the performance
of reference 2 is the worst. Although the inter-tier interference from MBS to SUs can be
canceled, the large number of pilots results in decreasing data transmission in one coherent
time block. Fig. 5.5 also shows that ergodic downlink sum rate in all schemes is improved as
the number of antennas N, increases, because of increased antenna gain. Similarly to the
results in Fig. 5.4, the sum rates of Algorithms 3 and 4 are nearly the same. To preferentially
improve achievable rate of lower-rate SUs, Algorithm 5 will lose some overall performance
gains, and this point is also shown in Fig. 5.5.

Fig. 5.6 plots the ergodic downlink sum rate versus K with Ny = 500, we can get
that the ergodic downlink sum rate increases with K, and the performance of the first two
algorithms are still better than that of the third algorithm. In addition, it can be found that

the performance of our proposed algorithms is always better than that of references 1 and 2.
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Fig. 5.7 The CDF of SU’s ergodic downlink rate with Ny = 500 and K = 50.

Meanwhile, we find that the sum rate of reference 2 decreases with the number of SCs. The
reason is that more SCs lead to more orthogonal pilots, which results in less time for data
transmission.

Fig. 5.7 shows that the cumulative distribution function (CDF) curve of the SU’s ergodic
downlink rate with Ny = 500 and K = 50. Compared with the first two algorithms, we
find that there is lower proportion of SUs with the smaller downlink rate in Algorithm 5.
Meanwhile, for the higher downlink rate, the proportion of SUs is higher for the first two
algorithms. The result suggests that Algorithm 5 preferentially improves achievable rate of

relatively low-rate SUs by sacrificing the sum-rate performance of the system.

5.5 Conclusions

In this chapter, we have investigated the uplink pilot allocation problem for the two-tier TDD
mMIMO-SC HetNet. An optimal pilot allocation algorithm has been proposed to maximize
the ergodic downlink sum rate of MUs and SUs. In addition, a suboptimal algorithm has
been proposed, in which the SU’s location is approximated as SBS’s location based on the
assumption that the coverage area of SCs is small enough. Then, for guaranteeing the SUs’
fairness, we have presented another algorithm to preferentially improve achievable rate of
relatively low-rate SUs. Simulation results have demonstrated that our proposed scheme



5.5 Conclusions 73

can improve the sum rate of the system by about 12% in comparison with the conventional

schemes.






Chapter 6

Small Cell Clustering and Precoding
Design for Small Cell Type
Heterogeneous Network with Massive
MIMO Marco Cell

6.1 Introduction

In previous chapters, we have proposed some pilot and power allocation schemes to reduce
the pilot contamination and signal interference. In this chapter, we will consider how to
coordinate the interference by SC clustering and precoding design in a mMIMO-SC HetNet.
In literature [49]-[52], there have been some studies about SC clustering for interference
coordination. Zhou et al. in [49] propose a graph-based approach combining SC clustering
and user clustering for mitigating interference among SCs. According to the downlink SINR
user receives, SCs are grouped into multiple clusters. A rate loss-based low-complexity
algorithm for SC clustering is proposed by Seno et al. in [50]. Each SBS’s transmit power
must be decided in advance for the above clustering schemes, which are inapplicable in our
study. Hong et al. in [51] investigate the BSs clustering and precoding design for partially
coordinated transmission to maximize the utility of the system. Since one user can be served
by different BS clusters in their scheme, the intra-cluster interference can not be cancelled
completely. A dynamic greedy algorithm for cooperative BSs clustering is proposed in [52],
but the number of BSs in each cluster must be known in advance. Fan et al. in [53] propose
a distance-based SBS clustering scheme. Although the proposed algorithm is simple, it is not
appropriate for time-varying environment. In fact, [49]-[52] consider the clustering at user
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level, namely the cluster is formed by considering the real-time interference between users
and BS, which is superior than clustering at SC level (e.g., [53]).

Several precoding schemes for interference coordination in MIMO system have also
been investigated in literature [54]-[57]. For example, Zhang et al. in [54] study the
precoding design optimization problem for maximizing the weighted sum rate of all users
in multi-cell system. Since the multi-user interference can be eliminated by using the
proposed block diagonalization (BD) precoding technique, the original problem can be
transformed into convex optimization problem. Similarly, in [55] and [56], the authors design
effective precoder to eliminate the multi-user interference so that the original problem can be
transformed into convex optimization problem. Then, the optimal precoder can be obtained
by using interior-point method or convex optimization toolbox directly. Niu et al. in [57]
propose a joint interference alignment and power allocation problem for reducing the intra-
and inter-tier interference, which is solved by some simply linear algorithms. Although the
linear algorithm has low complexity, it cannot be used in non-convex problems such as ours
due to per-SBS power constraint and interference among clusters.

Unlike previous works, in this chapter we investigate a new SC clustering strategy and
their precoding designs for maximizing downlink sum rate of SUs in two-tier mMIMO-SC

HetNet. The main contributions are summarized as follows:

e To reduce the interference among SCs, an interference graph-based dynamic SC cluster-
ing scheme is proposed, where SCs are grouped into multiple SC clusters according to
their interference channel strength. On this basis, the SUs’ signals are jointly designed

in each cluster.

e To achieve joint interference coordination mentioned above, we formulate an optimiza-
tion problem to design precoding weights at MBS and clustered SCs for maximizing
the downlink sum rate of SUs subject to per-SBS power constraint. Precoding weights
at MBS are designed to eliminate the multi-MU and inter-tier interference, while pre-
coding weights at clustered SCs are designed to cancel the intra-cluster interference
and mitigate inter-cluster interference.

e To eliminate multi-MU and inter-tier interference simultaneously, we propose a clus-
tered SC BD (CSBD) precoding scheme for MBS. Specifically, we use the singular
value decomposition (SVD) to find the null space of the inter-tier interference channels.
Following this, the ZF downlink precoding weight matrix for MUs is projected onto the
above null space to simultaneously cancel the multi-MU and inter-tier interference.

e To cancel the intra-cluster interference and coordinate inter-cluster interference, the

precoding vector of each SU at clustered SCs is designed as the product of the following
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Fig. 6.1 System model for small cluster-based two-tier downlink mMIMO-SC HetNet.

two parts. The first part is designed with SVD to remove the intra-cluster interference.
The second part is designed to coordinate the inter-cluster interference for maximizing
the downlink sum rate of SUs. This is a non-convex optimization problem that is difficult
to directly solve. We propose a cluster-based non-cooperative game and develop a
distribute algorithm to obtain a suboptimal solution. Finally, we prove the existence

and uniqueness of the Nash equilibria (NE) for the formed game.

6.2 System Model and Problem Formulation

6.2.1 System Model

A two-tier downlink mMIMO-SC HetNet system is considered as shown in Fig. 6.1, which
is composed of a MC and J overlaid SCs (J = {1,2,...,J}). We assume that Ky single-
antenna MUs are served by the central MBS equipped with M antennas (M > Ky1) , and each
SBS associated with N antennas serves Kg single-antenna SUs (N > Ks) . The MC and all
SCs share the overall spectrum while users (MUs and SUs) are served with the same time-
frequency resource. In this case, there exist interference among SCs. Cooperative downlink
transmission among SCs eliminates the inter-SC interference. However, transmission data
must be exchanged and shared among SBSs, which needs huge backhaul overhead. SC
clustering approach is effective in decreasing the required overhead, where the transmission
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data are only shared within each cluster. To harvest the benefits of the mMIMO antennas, we
assume that TDD protocol is applied with perfect CSI at MBS and SBSs [45], [46].

We assume that all SCs are grouped into C clusters, where each SU is served by all
SBSs belonging to the same cluster. Let C; denote the number of SCs in the /th cluster
with the total number of SUs and antennas across all SBSs in the /th cluster denoted as
K; = C;Ks and N; = C|N, respectively. Meanwhile, we assume that ((O; — 1)N + 1)th to
(O;N)th antennas are taken as the N SBS antennas in the O;th SBS in the /th cluster with
O;=1,2,...,C;. Similarly, the indices of SUs in the O;th SBS in the /th cluster can be
denoted as the ((O; — 1)Ks + 1)th to (O;Ks)th.

The received signal by the kth SU in the /th cluster can be expressed as:

C K;

Km
yie =Y Y hivijxij+ Y oyVomXom + ik
i=1j=1 m=1

K, c K Ky 6.1)

= hypviee + Y vy 4+ Y Y hivixi; + Y BoVomXom + nu
—— 7k il j=1 m=1 ~—
Desired signal R R , ~—_— ——— Noise

Intra—cluster interference  Inter—cluster interference  Inter—tier interference

where h;; € C'*M and hyy, € CVM, respectively, denote the downlink channel from all C;
SBSs and the MBS to the kth SU in the /th cluster. v;; € CN*1 and vy, € CM*!| respectively,
denote the precoding vector for the jth SU in the ith cluster and the mth MU. x;; and xo,,
denote the transmit signals of the jth SU in the ith cluster and the mth MU, respectively. We
assume E[|x|*] = 1 and ny is an i.i.d. AWGN defined as CN(0, §2).

Similarly, the received signal at the kth MU can be expressed as follows:

Km C K
Yok = Z hoor VomXom + Z Z hjorvijxij + nok
m=1 i=1j=1
v & & (6.2)
=hooeVorxoe + Y, hookVomXom + Y Y MiokVijxij + nok
Desired signal ’jﬁék . izl Jj=1 ) Ri’;

~~ ~\~
intra—tier interference Inter—tier interference

where hgg; € CP*M and h,g;, € C*Ni denote the downlink channel from the MBS and all C;
SBSs in the ith cluster to the kth MU, respectively.
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Following this, the constraints for eliminating inter-tier interference from MBS to SUs

and intra-cluster interference are given as:

hOlkVOm :O,‘v’l,k,m: {1,...,KM}, (63&)
hllkvlj207Vk7éjal:{17'~'7C}7 (6.3b)

Therefore, the received signal by the kth SU in the /th cluster can be rewritten as:

C K
ik =i+ Y Y hievijxi; + n, (6.4)
i#l j=1
and its rate can be expressed as follows:
hyveviihi
Ry =log, | 14—tk (6.5)

6.2.2 Problem Formulation

Since total transmit antennas in each cluster comes from more than one SBS, the per-SBS

power constraint is expressed as follows:

K;
Y Tr(Bo,viviy) <PVILO ={1,...,C}, (6.6)
k=1
with
By, = Diag(0,...,0,1,...,1,0,...,0). (6.7)
S—— e~
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Fig. 6.2 An example for interference graph.

Next, we formulate the optimization problem to maximize the downlink sum rate of SUs

as follows:
C K
max Ry (6.82)
{V17~~-7VC}>VM l:Zlkzl
S.t. hovom =0,V k,m = {1,...,KM}, (6.8b)
hlllejZO,Vk#j,l:{1,...,C}, (6.8C)
Ki
Y Te(Bo,vivii) < PVI, 0, (6.8d)
k=1
Vi = 0,vo, = 0,V k,m, (6.8¢)
where V; = [VITI, 7VITK1]T and Vy = [}, ... ,VSKM]T.

To solve the above problem (6.8), we consider the following three steps. The first step
is to design a SC clustering scheme so that all SCs form multiple clusters as shown. The
second step designs precoding at MBS to eliminate inter-tier interference, namely (6.8b).
The last step designs precoding at each cluster to maximize the downlink sum rate of SUs,
namely (6.8a), (6.8c) and (6.8d).

6.3 SC Clustering Scheme for Interference Coordination

We define the average interference channel strength between two SCs i, j as follows:
&5 _ o
Yij = N_KT,; (||| + |[Rjie]]) .8, j = {1,...,C}, (6.9)

where Kt denotes the total number of SUs in SCs i and j (Kt = 2Ks). h; ik € CIxN
denotes the downlink interference channel from the ith SC to the kth SU in the jth SC. ¥; ;

in (6.9) represents the potential average interference strength level between SCs i and j. For
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Algorithm 6: Interference graph-based dynamic SC clustering algorithm
Input :J, vy, n=1.

Output : C.
1 fori=1:Jdo
2 C{n} = {i}.
3 for j=1:J(i# j)do
4 Compute ¥ ; according to (6.9).
5 if ¥ ; > ¥, then
6 The SCs i and j form a new cluster, namely C{n} = C{n}U{,}.
7 if The SC i or j has belonged to any other cluster n’ then
8 The SCs i, j and their all cluster members form a new cluster, namely
C{n}=C{n}uC{n'},n=n—1.
9 end if
10 end if
11 end for
12 n=n+1.
13 end for

14 Note: Here, C should be a set consisting of several subsets. Each subset indicates a
cluster and its elements represent SCs’ index. C{n} denotes the nth subset in set C.

example, a larger ; ; denotes higher interference and vice versa. Therefore, two SCs form a
cluster when ¥; ; is high.

The potential interference relationship among all SCs can be constructed as the interfer-
ence graph. First, we set an interference threshold 7;;, that is used to determine whether two
SCs should form a cluster. We assume three SCs in Fig. 6.2 denoted as i, j, [. If we have
Yij = Vs Vi = Y and % < ¥, according to the above definition, the SC j will belong
to two different clusters. For simplifying the problem and coordinating more interference
among SCs, the SCs i, j and [ will form one cluster under the above situation.

Based on the above analysis, an interference graph can be constructed as an undirected
graph G(J,E) in SBSs, where J vertices denote all SCs and E (u,v) edges stand the potential
interference between SCs u and v, Yu,v € J. Figs. 6.3 and 6.4 illustrate the SC clustering
results with different 9;;, having the same randomly located SCs. It can be clearly observed
from the figure that higher interference threshold leads to smaller-size clusters with fewer SCs.
This reduces the information exchange within each cluster, which decreases the backhaul
overhead and system latency. On the contrary, lower interference threshold leads to larger-
size clusters with more SCs. This increases information exchange within each cluster, which
increases the backhaul overhead and system latency. Therefore, in practice, the interference
threshold can be determined according to the required criteria, e.g., the system sum rate

maximization, delay and/or backhaul overhead minimization. In this section, the interference
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threshold is empirically selected to maximize the system sum rate for simplicity. We note
here that information exchange is only done between SBSs within each cluster as indicated
by hy;; and xj; in (6.4). The information exchange among users is not needed.

The SC clustering scheme is presented in Algorithm 6. We first compute % ; between
SCs i and j (in line 4). Next, two SCs are decided whether to form a cluster or not based
on Y%, (in lines 5-6). When SC i and j form a cluster according to the above scheme, if any
one of them has belonged to other cluster, SCs i, j and that cluster members will reform one
cluster (in lines 7-9). The above procedure is repeated until all SCs are clustered.

6.4 CSBD Precoding Design for MBS

To eliminate the inter-tier interference from MBS to SUs and multi-MU interference simulta-
neously, we propose a CSBD precoding scheme for MBS.
First, we define the inter-tier interference channels from MBS to SUs as follows:

H, = [hgn,...,hg],(l,...,thI,...,hgc,(C]T. (6.10)

where Hj, € C/%s*M _To obtain the null space of the inter-tier interference channels Null
(Hjn), we apply the classical SVD to the matrix Hj;, yielding

H;, = UZV7, (6.11)

where U € C/Xs*/Ks denotes the left-singular-vector matrix, V € CM*M denotes the right-

singular-vector matrix, and £ € C/Xs*M denotes the singular values as follows:

z
I Orx(ua—r) . (6.12)

00ks—r)xr OUuks—r)xm—r)

where r = rank(Hjy) is the rank of Hj,, and ir = Diag{oy,...,0:}.
Therefore, the null space of Hj, can be found by spanning the columns of V as follows:

V= [Vei1,Vrs2, -, Vil (6.13)

Note that there is a constraint condition for the existence of V c CMx(M=r)

, namely the
number of SUs must be lower than the number of MBS antennas (JKs < M). Then, we have

the following:

H;,V = 0. (6.14)
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According to (6.14), we can find that the inter-tier interference can be cancelled com-
pletely if a column vector for each MU is randomly chosen from V, but it may cause serious
multi-MU interference. To eliminate the inter-tier and multi-MU interference simultaneously,
we first define the projection matrix ivﬁn based on the null space Null(Hjj,) as follows:

V,, = VVI. (6.15)

Accordingly, we can project ZF precoding matrix for MUs onto the null space Null(Hj,)

and obtain the finall precoding matrix as:

.
WCSBD— HMVm (H in HMV1n> )
H
~7HyrH
(HMV"‘> Hy Vo VisH ) (6.16)
(HMVm> Hy VVEVVEHE )

—1
= (HMVin) (HMVinHM) ;

where Hy; = [hg01 , hgozv ... ,hgo KM] T denotes the multi-MU downlink channel matrix. Mean-
while, the necessary condition for the existence of Wcspp is JKs+ Ky < M, namely the
number of SUs and MUs should be lower than the number of MBS antennas. Next, we
provide the proof for the above necessary condition. For the 1.i.d. Rayleigh fading channel,
rank(Hj,) should be JKs. Thus, V is a M x (M —JKs) matrix, where rank(V) = M —JK
and rank(\Nfin) < M—JKs. In addition, since HM\N/inH{I,I is a Ky x Ky matrix, the condi-
tion for existence of (Hl\/[ivﬁnHl\IL’,[)_1 is rank(HM?inHﬁ) = Kym. Due to rank(HMiv’inHl\H,I) <
min{M — JKg, Ky }, we have M—JKs > Ky, namely, JKs+Ky < M.
According to the obtained precoding Wcspp, we have the following:

~ \H ~ H —1 ~ " ~ H -1
HvWesep = Hu (HMVin> (HMVinHM> = HmVinHy (HMVinHM> =1
(6.17a)
~ H ~ H —1 SSHerH ~ H —1
HiyWesep = Hin (HuVin) (HuVilf) = B V7RG (BuVio Bl ) =0,
(6.17b)

where (6.17a) and (6.17b), respectively, illustrate that the multi-MU and inter-tier interference
can be cancelled.
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The precoding vector for the kth MU can be written as:

_ VPuWesep

Vop = : (6.18)
M Weseol

where W’éSBD is the kth column vector of Wcspp, and Fy; denotes the transmit power for
the kth MU.

In addition, when JKs+ Ky < M, the ZF precoding can be also used to cancelled the
multi-MU and inter-tier interference directly. For example, we define the following channel
matrix:

T T T T T T T 1T
Hzr = [hgo1, hogas - - - Mooy, s oty - - hoig, s - octs -+ hock, ) - (6.19)

On this basis, we obtain the ZF precoding as follows:

—1
Wz = B (HzeHDE) . (6.20)

The precoding vector for the kth MU can be written as:

VP W

Vop = : (6.21)
N W

where W]%F is the kth column vector of Wyg, and Py, denotes the transmit power for the kth
MU.

However, for ZF precoding, we find that HZFHQIF is a (JKs+Ky) X (JKs+Ky) matrix.
Accordingly, we need to inverse a high dimension matrix ((JKs+Kw) X (JKs+Kum)) in (6.20)
with high complexity, especially for a lager JKg (i.e., number of SUs). In contrast, for our
proposed CSBD precoding, we only need to inverse a low dimension matrix HMvinHﬁ

(KM X Ky ), reducing the computational complexity.

6.5 Non-Cooperative Game-Based Precoding Design for Clus-
tered SCs

The precoding vector of the kth SU in the /th cluster is designed as the product as follows:

Vik = TSk, (6.22)
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where Ty is used to remove the intra-cluster interference, and s is designed to coordinate
the inter-cluster interference for maximizing the downlink sum rate of SUs.

We first define the intra-cluster interference channels of the kth SU in the /th cluster as
follows:

T T T T T
Hye = Thy, by Wy, - hug (6.23)

where H;, € CKi=1)*Ni " Then, we can obtain the null space of the interference channel
matrix Hy;, by SVD of Hy;. The hy;; is mutually independent for any k and we obtain:

. 1H
Hy = U2y [Vllek} ; (6.24)
where Vlk e CN*Ni=Ki+1) denotes the orthogonal basis of the null space of Hj;, namely

H,,Xflk =0 and ng/,k = I. Thus, we have T, = Vlk. Following this, the original problem
(6.8) can be transformed as:

c K Hy H
L by Ty @y T hyg,

{ga)i ZZlogz 14— X (6.25a)
skl Y ¥ hyT;;®;; T h] 462
i#l j=1
K;
st Y Tr(Bo, Tu@yTj}) < PVI, 0, (6.25b)
k=1
rank (®y) =1, (6.25¢)

where @), = Slksﬁ{ e CWi—Kit1)x(Ni—Ki+1) Here, we consider the single-antenna SU and s
isa (N; — K;+ 1) x 1 vector, so we have (6.25¢).
Next, we define Hllk =hy;, Ty, Hil j = hy; T;;j and the final optimization problem can be

written as:
cC K _
max Z Z Ry (6.26a)
15,773 SR |
K;
st. Y Tr(Bo, Tu®yTj}) < PVI, 0, (6.26b)
k=1

rank (®y) = 1, (6.26¢)
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ﬁllkd)lkﬁuk
hll]¢l]hllj+52
timization problem due to the non-concave objective function (6.26a) and the rank-one

where ﬁlk = log, (1 + 5C Z ) We note here that (6.26) is a non-convex op-
i#l

constraint (6.26¢). Problem in (6.26) is very difficult to be directly solved even through a cen-
tralized algorithm. On this basis, we devise a distributed scheme based on the non-cooperative
game. Finally, we prove the existence and uniqueness of the NE for the formulated non-

cooperative game and propose an iterative algorithm to obtain NE solution.

6.5.1 The Formulated Non-Cooperative Game Model

With the certain price, the non-cooperative game for the cluster player is defined as:

¢ = {C.{@rhicc, (Ui (m, 1.9} |. (6.27)

where C = {1,...,C} is the set of all clusters; ®; = [®],,... ,QITKI]T(I € €) denotes the pre-
coding matrix of the /th cluster; U; (m,®;,®_;) is the utility function of the /th cluster; m =

[my,...,mc] denotes the interference price for clusters; ®_; = [®7 ... ,d>lT_1 - ,d>lT+1 N FA L

is precoding matrix of other (C — 1) clusters. We define the utility function as follows:

U (m,®;,® Z Ry — Z Li(Pue)
(6.28)
= Z Ry — Z Z Z mlhll]le¢lkT hll]?
k=1i#l j=

where Lj; denotes the interference imposed by the precoding vector of the kth SU in the /th
cluster to all SUs in other (C—1) clusters.

From (6.28), we find that the second term of the utility function accounts for the cost due
to generated interference to other clusters, which discourages the /th cluster from maximizing
its own sum rate selfishly. However, when the price vector m = 0, the cluster will maximize
its own sum rate uniquely.

Therefore, for the cluster player [ (I € C), we solve the following problem:

max Ul (m,@l,d)_l) (62921)
{@}
K;
st Y Tr(Bo, Ty®@yTjf) < PVO, (6.29b)
k=1

rank (®y) = 1, Vk. (6.29¢)
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Problem (6.29) includes the non-convex constraint (6.29¢). To overcome the obstacle of
non-convexity, we first reformulate the problem without the rank-one constraint and then,
the obtained closed-form solution can be guaranteed to be rank-one. Following this, we
formulate the optimization problem as follows:

max U, (m,<I>l,<I>,l) (6308.)
{@}
K;
st. Y Tr(Bo, Tu®yTj}) < PVO,. (6.30b)
k=1

Definition of NE: A strategy profile ® = [®1 ... ®Z|7 is a NE, if &, is the best response
to @ _; for every player /. Formally, the strategy profile ®; is an NE if

U, (m,@l,d),l) > U (m,CD;,CILl) e {1,. .. ,C}, (6.31)

where @ is an arbitrary profile of player / in strategy space.

Theorem 6.5.1 There exists a NE for the non-cooperative game G in (6.27).

Proof Please refer to Appendix D for proof.

6.5.2 The Solution of the Non-Cooperative Game

Before proving the uniqueness of NE, we first solve the optimization problem (6.30), where
a cluster obtains its best response for given other clusters’ action. Since we have proved that
the objective function in (6.30) is concave and the constraint is a convex set w.r.t. ®;, (6.30)
is a convex optimization problem and can be solved using standard convex optimization
techniques, e.g., the interior point method [43] and standard determinant maximization
(MAXDET) software [58]. However, our interest is to design an algorithm for solving (6.30),
which is based on dual method due to the zero gap between problem (6.30) and its dual [43].
The Lagrange dual function of (6.30) is defined as:

g(1;) = pax L(®, 1), (6.32)
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where
hllk‘l’lkhzzk \ Hy H
L(®ip) =), \loga [ 14— — 750 Z Y mihy; T @y Ty
i#l j=1
K
+ Z Ho, ( Z BOIleq)llek>>
o h: o - (6.33)
1kPik ;
— Z (10g2 (1 + Sé”‘) -y Z mihy; Ty @y Tifhi];
- Z 1o, Tr(Bo, Ty @y Tj}) ) Z uo, P,
0,=1 0,=1
and W, = [H1,..., ¢, a vector of dual variables each associated with one corresponding

power constraint given in (6.30b). Accordingly, the dual optimization problem is as follows:

i ) 6.34

min - g(p) (6.34)

It is obvious that (6.34) is convex and satisfies the Slater’s condition [43], so the dual gap

between the optimal objective value of (6.30) and that of (6.34) is zero. Therefore, we can

solve (6.34) to obtain the optimal value of (6.30). The subgradient method [43] can be used
to minimize g(l;), and the dual variables y; are updated as follows:

Mo, (n+1) =
k=1

K +
Uo, (n)—i—C(n) (P— Z Tr(B01leq)lkT{-]]<>> ] , (635)

where {(n) is the diminishing step size, and n is the iterative index.

In addition, solving dual problem (6.34) involves determining the optimal ®; at given
dual variables p,. Next, we focus on solving ®; for fixed i;. We find that problem (6.32) can
be divided into K; independent subproblems and each only involves ®;;. Since Zg,:l ug, P
is a constant for fixed y,, for the kth SU in the /th cluster, the corresponding subproblem can
be expressed as:

1 1+h”"¢”‘h”’< ii hy;; Ty @y T,
max (0] —_— ming; ;i L P ii
B0 to? | e e (6.36)

— Tr(B Ty®yuTi),

C
where B, = Zol,:l Lo, Bo,.
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Next, we define the objective function of (6.36) as .Z(®;;) and then, we obatin:
K

hy; D;hl] & &
g(q)lk) = 10g2 <1 + T(Slzlk — Z Z miTr(QlkTﬁ{hﬁjhlijle) — Tr(CDZka,IcBule)
= i#l j=1

hy ®;chl], S H
= 10g2 1+ W —Tr q>lk Z Z milehlijhlijle - Tr(@llekB“le)(6.37)
= i#l j=1

h;;, ®, h?
— log, (1 + M) — Tr(Zu @),

Ei + 62
C K;
where Zy =Y, Y, m/Tiihf by Ty +THBy Ty and Zy € CV—Kitx(MNimKitl) Meanwhile,
i#1 j=1

for the above derivation, some equations are used, such as Tr(XY)=Tr(YX) and aTr(X)+
bTr(Y)=Tr(aX+bY). We then have the following theorem.

Theorem 6.5.2 For the problem in (6.36) to have a bounded objective value, matrix Z;
should be positive definite.

Proof Please refer to Appendix E for proof.

We rewrite @y in its original form, i.e., @y = slksﬁ{. Accordingly, the problem (6.36)

can be transformed as follows:

Ellkslksﬁcﬁﬁk H
1 1+ —=5 ) — 8. ZSix. 6.38
magors 1+ 050 ) -z o

According to Cholesky decomposition [59], we have Z;;, = ZlkZ% and Zlk is reversible
due to Zy is positive definite. We define §;; = sﬁ{zlk and then, (6.38) can be rewritten as

follows:
huuZ, 80802, bl H
max lo 1+ — — 8187 - 6.39
8120 gz( Ep+8° o (©)

Next, we define ay, = Hl,kz;,j’ /| |H,,kZ;,(H ||. Tt is clear that the optimal precoding §;;
has the same direction with ay, i.e., S$;x = /Pra;, where pj; needs to be optimized to
maximize (6.39). Based on this, substituting §;; = /pica;, into (6.39), we get the following

optimization problem:

Pk Ok
max lo 1 — Di. 6.40
max log, < + et 52) Pik (6.40)
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Algorithm 7: Non-Cooperative Game-Based Precoding Design For Each Cluster

1 Form multiple SBS clusters according to Algorithm 6.

Given the price vector m, initialize the feasible precoding &0 = [CDSO), . ,<I>(CO )], set a
counter n = 1.

3 repeat

4 Design precoding for each cluster I € {1,...,C}.

5 Initialize u,;.

6 repeat

7

8

9

[

Compute @y (k= 1,...,K;) according to (6.42).
Update dual varies according to (6.35).
until y; converges;

10 Obtain ®.
11 Update n <—n+ 1.

12 until |®") — ®"1|| < &, for some prescribed &;
13 Obtain the optimal precoding o),

where oy, = ||HllkakH |12, and optimal p;; can be obtained by the standard water-filling
algorithm [43]:

1 Ep+62\"
= — . 6.41
Dik (1n2 o (6.41)

Finally, we obtain the precoding as follows:

si = /Pic(anZ; ) and @y = py(anZ; ' ayZ,". (6.42)

From (6.42), it is clear that @y is a rank-one solution. Therefore, the solution of relaxed
problem (6.30) is also the solution of the original problem (6.29) via our proposed algorithm.

Based on the above results, we define the following theorem:
Theorem 6.5.3 There exists an unique NE for the non-cooperative game G in (6.27).

Proof Please refer to Appendix F for proof.

6.5.3 NE Searching Algorithm

For SC clustering, the SBSs send SUs” CSI to MBS through high speed backhaul links.
Next, the MBS executes Algorithm 6 according to a predefined interference threshold and

then, communicates the final clustering information with an interference price of each cluster
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Table 6.1 Simulation Parameters.

Parameters Value
Radius of MC 500 m
Radius of SC 40 m
Number of MUs 20
Number of SCs 20
Number of SUs each SC 2
Number of SBS antennas 2
Number of MBS antennas 500
Transmit power of MBS 46 dBm
Maximum transmit power of SBS 30 dBm
Pathloss between MBS and MU or SU | 27.3+39.11og 10(d)
Pathloss between SBS and MU or SU | 36.8+36.71og 10(d)
Downlink bandwidth 10 MHz
Noise power -174 dBm/Hz

to SBSs through backhaul links. After forming the clusters, each cluster sets the initial
feasible precoding (we assume that one of SBSs takes charge of the precoding design and
denoted as SBS header). Since the SBS header has obtained all CSI through sharing among
SBSs belonging to the same cluster, the precoding can be computed when SUs send back
the received interference to SBS header. The SBSH will update precoding when SUs send
back the updated interference, and the process is executed until convergence. We assume
that the update of the interference price and precoding strategy among clusters is ideal
synchronous. According to the above analysis, we find that information exchange is not
needed among clusters. We summarize the distributed precoding design scheme for each

cluster as Algorithm 7.

6.6 Numerical Results and Discussions

In this section, we provide numerical results to evaluate the performance of our proposed
schemes. We consider a single MC with a radius of 500 meters, where the MBS is located
at the center of the MC and MUs are randomly distributed in the MC. We assume that the
MC-hole radius is 100 meters (all MUs and SUs do not locate in this area). We assume that
the radius of each SC is 40 meters, where all SCs are randomly located within the MC but

their coverage are not overlapped each other. The minimum distance between SUs and SBS
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Fig. 6.5 Downlink sum rate of SUs versus iteration number.

is 5 meters. We assume that all prices for different clusters are the same for simplicity. Other
related simulation parameters are listed in Table 6.1.

Fig. 6.5 shows the convergent speed under different interference prices, where ¥, =—110
dB. It is clearly found that the downlink sum rate of SUs is maximized after 6 iterations.
The sum rate under different interference prices is different. To clearly analyze the impact
of the interference price on the performance of the system, we plot Fig. 6.6 to shown the
downlink sum rate of SUs with the interference price m. It can be observed that the sum
rate first increases and then decreases with m. In other words, there exits an optimal m for
maximizing the sum rate under a certain J;. Therefore, we can use some simple methods,
e.g., one-dimension search, to find the optimal m for obtaining the maximum sum rate.
Meanwhile, we can find that the sum rate increases with 7;;, decreases. This is because more
larger-size clusters are formed so that more interference are cancelled.

Fig. 6.7 shows that the downlink sum rate versus interference threshold ;. Here, the
one-dimension search is used to obtain the maximum sum rate under each interference
threshold. For a low Y, i.e., %, = —120 dB, all SCs form one cluster. In this case, the
interference among SUs will be cancelled completely, so that the sum rate is maximized.
Number of clusters increases as ¥, increases, while the sum rate decreases. This is because
the interference increases among SUs due to the increase of the number of clusters. When %,
is between —92 dB and —90 dB, there are no pairs of SCs to form the same cluster, resulting
in the lowest sum rate.
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Fig. 6.8 plots that the downlink sum rate versus m under different per-SBS transmit
power, where ¥, = —110 dB. When the maximum transmit power of each SBS is high, as
shown in Fig. 6.6, the sum rate first increases and then decreases with m. However, when
the maximum transmit power of each SBS is low, the impact of m on the sum rate is slow.
This is because for the former, each SBS is not allowed to fully transmit such large power
for avoiding serious interference among clusters. In the contrary, for the later, each SBS can
almost transmit overall power for improving sum rate.

Fig. 6.9 illustrates the downlink sum rate of SUs versus number of SUs in each SC, where
Yin = —104 dB and N = 6. It can be observed that the sum rate increases with the number
of SUs, while the increased ratio is reduced. It is easy to understand that more SUs lead
to higher gain gaps and improve the sum rate. However, the increased sum rate is limited
because the total transmit power is a constant.

Figs. 6.10 and 6.11 show the downlink sum rate and transmit power versus the maximum
transmit power of each SBS, respectively. It is easy to understand that the sum rate increases
with the maximum transmit power. However, the increase of the sum rate is limited due to
interference among clusters, especially for a lower 7;;,. The detailed reason can be found in
Fig. 6.11. When the maximum transmit power of each SBS is low, the power will be fully
transmitted due to weak interference among clusters. However, as the maximum transmit
power increases, to avoid serious interference, the transmit power at each SBS is not allowed
such high.

Fig. 6.12 shows that the downlink sum rate of MUs versus number of MBS antennas.
Here, “Conventional ZF precoding" denotes that only the ZF precoding is applied at MBS to
eliminate the multi-MU interference, while the proposed CSBD precoding scheme works to
eliminate the inter-tier and multi-MU interference simultaneously. From this figure, we can
find that the downlink sum rate of MUs with proposed CSBD precoding is always lower than
that with ZF precoding, but the sum-rate gap is slight when the number of MBS antennas
is larger. The reason is that when the proposed CSBD precoding is applied at MBS, the
MBS needs to sacrifice some DoFs to eliminate SUs’ interference, which results in the
decrease in the sum rate of MUs. However, for a large antennas at MBS, it is suitable to
apply the proposed CSBD precoding for eliminating SUs’ interference, which can effectively
improve the downlink sum rate of SUs (as shown in Fig. 6.13). Meanwhile, the impact on
the downlink sum rate of MUs is slight.

In Fig 6.13, we plot that the downlink sum rate of SUs versus number of SBS antennas,
where ¥, = —104 dB. We compare the performance gain with the conventional SC-based
non-cooperative game scheme, e.g., [60, 61]. It is clear that sum rate of SUs with our

proposed cluster-based scheme is higher than that with conventional SC-based scheme,
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which can be improved by about 40%. It means that it is necessary to form multiple clusters
for interference cancellation, especially for ultra-dense SCs. In addition, to compare with
the performance loss with optimal algorithm, we apply the centralized algorithm proposed
in [62] to obtain the optimal solution. We can find the rate gap is slight between optimal
centralized algorithm and our proposed distributed algorithm. Meanwhile, it can be observed
that the proposed CSBD effectively reduces the inter-tier interference and improves the sum
rate of the SUs.

In addition, we note here that a theoretical bound of the price-of-anarchy (i.e., the
optimal solution) is very difficult if not impossible to be derived. This is because for the
optimal algorithm [62] or our proposed suboptimal algorithm, the closed-form expression is a
function of iteratively updated parameters such as Lagrange dual variables until convergence
to reach a stable and optimal solution. Furthermore, the closed-form expression for optimal
or suboptimal algorithm includes Lagrange dual variables with uncertain range, which
additionally makes the bound derivation of price-of-anarchy very difficult if not impossible
at all.

6.7 Conclusions

We have investigated the SC clustering and precoding design problems for the mMIMO-SC
HetNet. An interference graph-based dynamic SC clustering scheme has been proposed in
order to cooperative transmission among SBSs belonging to the same cluster. We designed
precoding schemes for MBS to eliminate the inter-tier and multi-MU interference. Then, we
presented the precoding design at clustered SCs as an optimization problem to maximize
downlink sum rate of SUs under per-SBS power constraint. A non-cooperative game-based
distributed algorithm was proposed to obtain a suboptimal solution. Simulation results show
that our proposed cluster-based scheme can improve the sum rate of SUs by about 40% in

comparison with the conventional SC-based scheme.






Chapter 7

Conclusions and Future Works

7.1 Conclusions

In this thesis, we introduced the recent development and some key techniques of the wireless
communications, e.g., mMIMO, HetNet. We analyzed the potential problems and main
challenges in mMIMO, mMIMO-CR and mMIMO-CR HetNet, e.g., pilot contamination and
interference management. Then, we proposed effective pilot allocation and power allocation
schemes to relieve the pilot contamination and coordinate the interference.

We divided our research into three parts. The first part (i.e., chapter 2) presented the
basic pilot contamination problem in a mMIMO homogeneous network. Based on this, we
proposed a low-complexity pilot allocation scheme to maximize the uplink rate of the system.
Meanwhile, to improve the users’ fairness, a fairness-based pilot allocation scheme was
proposed. Simulation results showed that the our proposed scheme can improve per-user rate
by about 17% in comparison with the conventional scheme.

The second part (i.e., chapters 3 and 4) solved the pilot and power allocation problems
in mMIMO-CR HetNet. In chapter 3, we proposed a pilot allocation scheme to obtain a
win-win paradigm between PN and CN. The results showed that the PN and CN can obtain
positive revenue, which implies that pilot sharing concept between PN and CN is effective in
improving the performance of both PN and CN. Then, we investigated the power allocation
problem in chapter 4. Based on this, we formulated the power allocation optimization
problem of the CN to maximize the downlink sum rate of the CN subject to the total transmit
power and PUs’ SINR constraints. An iterative power allocation algorithm was proposed.
The numerical results presented that our proposed scheme can improve the sum rate of the
CN by about 10% in comparison with the conventional scheme.

The third part (i.e., chapters 5 and 6) mainly focused on pilot allocation and interference
coordination problems in mMIMO-SC HetNet. In chapter 5, we investigated pilot allocation
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problem. We proposed a new pilot allocation scheme for maximizing ergodic downlink sum
rate of the system. In addition, we proposed two suboptimal pilot allocation algorithms to
simplify the computational process and improve SUs’ fairness, respectively. Simulation
results showed that our proposed scheme can improve the sum rate of the system by about
12% in comparison with the conventional scheme. To consider the interference coordination,
we investigated the dynamic SC clustering strategy and their precoding design problem in
chapter 6. An interference graph-based dynamic SC clustering scheme was proposed. Based
on this, we formulated an optimization problem as design precoding weights at MBS and
clustered SCs for maximizing the downlink sum rate of SUs subject to the power constraint
of each SBS, while mitigating inter-cluster, eliminating inter-tier, intra-cluster and multi-MU
interference. A non-cooperative game-based distributed algorithm was proposed. Simulation
results showed that our proposed scheme can improve the sum rate of SUs by about 40% in
comparison with the conventional SC-based scheme.

Summarily, in this thesis, we studied the pilot allocation and interference coordination
problems in two types of mMIMO-HetNets, including mMIMO-CR HetNet and mMIMO-SC
HetNet. According to the simulation results, our proposed schemes effectively improve the
capacities of the system.

7.2 Future Works

Just as our analysis in this thesis, mMIMO-SC HetNet has been considered as a promising
technique to meet the requirements of explosive data capacity in future wireless communica-
tions. However, the interference coordination to deal with inter- and intra-tier interference
is still an important technical challenge. One of the effective interference coordination
techniques is cooperative transmission and reception called as coordinated multipoint process
(CoMP). To realize cooperative transmission among SBSs, the centralized network architec-
tures have been investigated, under the assumption that CSI and the signaling information
are shared among SCs through a high-speed backhaul link. However, since wireless data rate
is increased especially when massive antennas are used, it increases the required amount of
data to be shared which may need higher backhaul capacity.

The heterogeneous centralized radio access network (H-CRAN) is an emerging network
architecture to realize the SC concept, where remote-radio heads (RRHs) are distributed
to provide high rates for SUs while the MBS provides the seamless coverage. In this
architecture, the centralized baseband processing unit (BBU) performs the baseband signal
processing and resource allocation optimization while remote radio units called as RRH are

distributed in service area. However, the full-scale coordination in a large-scale H-CRAN
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requires very large channel matrices to perform cooperative processing, which leads to high
computational complexity. Therefore, RRH cluster -based partial-scale coordination is an
effective scheme to decrease the required complexity. In addition, fronthaul links are needed
to share the required information for cooperative processing in H-CRAN. In this case, limited
capacity provided by fronthaul links has to be considered. Therefore, we will investigate
the resource allocation and interference management in a RRH cluster-based H-CRAN with

limited fronthaul capacity.
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Appendix A

Firstly, we have

11n lln 11n - 11n 11n iSS
1S3, By,

- (A.1)
—F h E NSSI h?lsn _ lslsn o)
= {H 11nH}+ hyy, i E{d},
H llnH Tln

where 1 = (1/yp—|— Y ﬁljn ﬁ11n> and %, (1 = %) denotes the SNR of each pilot,

8= /Y u,|? and {u,} isiid. €.47(0,1).

Then,
(Ss’ LSS
Y {5 e A Sl
[iteAl R3S,

Ss
E{th;wnn

B SS
lln]E{ﬁZ}_}_l lln (AZ)
ln Tln

Combining (A.1) and (A.2), we can get
2
SS
} - ‘E{hniwnn}‘

SS SS
Var{hnzwnn} {thzwnn

SS

11n 11n
= —var{d}+1—

TS { } TS )

1n In

where E{9} = H{SH2 E{0?} = Ms and var{9} = Ms — E2{8}}. Here, T(-) is the
Gamma function.
We have analyzed the uplink training and downlink data transmission of the SN and omit

the similar analysis for the PN because of limited space and get some conclusions directly.
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When n =k (Kp — Kt + 1 < k < Kp), namely the n-th CU in the 1-st cell use the same
pilot with the k-th PU in adjacent cell, according to the decomposition of MMSE, we have

i.SP i.PP i, SP i.PP
h]ln . h]]k h]lk . h]]k (A4)

SP ﬁP SP PP
Jln Jik Jlk Jjk

According to (A.4) and hf’f = hJPfk +hSP e We have

hSP

i.SP
Jjlk — h

. (A.5)
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Since hfk ~ ‘&/V( ’gkIMP), we can get hS.‘P ~CN (O,IMP - ,;—;kIMP) , Where
Tik Jjk

Jk = (1/Yp+ )y ]lk) (k<KP—KT)’ ik = (1/7p+ )y ﬁ]PlE‘F j]k) (Kp—Kr+1<k<
Kp).
Therefore
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where € = /Y |u,[2. E{e} = %,E{sz} = Mp and var{e} = Mp — E*{e}.
When n # k

(PP’ (PP
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We finish the proof.



Appendix B

Since the process of the PU’s SINR is similar with that of the CU, we directly get the PU’s
SINR as follows

(1/ Jk)PtﬁJJk Ez{s}

SINR ;, = . (B.1)
R+ L+ L+ 1+ 02
We assume two cases:
(1) The first case: when k < Kp — Kt
BPP 1312
I} = ppth Var{8}+1— 2
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Bk Bk
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According to (4.10c), we have
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Combining (4.10b) and (B.2), we can get
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114

where

1 (1/T5) B Ez{ &
Ip=min {[Zi] 1« (kp-k7) | 7 = ’ n,jkj —I LI
J

(2) The second case: when Kp —Kr+1<k<Kp
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According to (4.10c), we have
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Appendix C

After ZF precoding, the SINR of the MU m can be written as:
MM MM 2
o

z Psﬁ,f o [ ‘ 15

SINRM = (C.1)

According to Jensen’s inequality and the convexity of logy (1 + }C), we can get as follows:

1+M 1 -1
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Then, we have:
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where (a) is obtained by using the identity [63],
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where W ~ #,,(n,I,,) is an m x n central complex Wishart matrix with n(n > m) degrees of
freedom. Then, we can get:
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Therefore, we finish the proof. |}
For (6.9), similar to (C.1),
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Then, we have:
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We finish the proof.







Appendix D

Proof: According to the Nash theorem [64], NE exists if the following conditions hold:1) The
action space of each player is convex and compact. 2) The utility function U; (m,®;,®_;) is
concave with respect to (w.r.t.) ®;.

According to (6.30b), we can easily get that the action space ®; satisfies the above 1).
Next, we still need to prove that U; (m,®;,®_;) is concave w.r.t. ®;.

K
Uy (m, ®;, P Z Uy (m, ®@;, P Z (le—le>
. . ];1 1 K = (D.1)
1kPik
= Z <log2 (1 + T?) Z ijhllelk‘leT hljl) ,
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where Z;; = Zl# Z] 1h,lijJ hllj Then, we have:
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(M, ®p®_g) =g <0 (D.2)

82¢lk - In2 (Elk +o+ Hllk"l)lkﬁl;[lk)2 B

According to (D.2), we can verify that Ulk (m,®;,®_;) is concave w.r.t. Dy [43], so the
utility function U; (m, ®;,®_,) is concave w.r.t. ®;. Therefore, (6.30) is a concave game and
there exists one NE.






Appendix E

Proof: It is clear that matrix Z; is a symmetric matrix. Therefore, we only need to prove
that matrix Zj; is a full-rank matrix. Next, we prove it by contradiction. We assume that

—Kl+1)><1 such

Z; is not a full-rank matrix and then, we can always find a vector q; € CV
that Z;,q;x = 0 and H[lk‘]lk # 0. On this basis, we assume the optimal ®;;, = qukqﬁ((x >0).

Substituting this optimal solution the (6.36) and yielding:

hy®;;hl, xhyqiglint,
log, | 14+ —KZIilk | (7, @%,) = log, [ 1+ ——k2kTik ik E.l
&2 ( T+ 02 (Zy®p) &2 Z + 02 (E.1)

Since ﬁ”kqlkqﬁﬁﬁk > 0, the objective value is unbounded as x goes to infinity. Therefore,
the original assumption that Z; not is a full-rank matrix is not correct. Furthermore, Z; is a
positive definite matrix .






Appendix F

Proof: The concept of the standard function is defined in [65] to prove the uniqueness of the

NE for a non-cooperative game. Here, we define @, = ®; (Zj;), namely other parameters

(m and u,) other than Ej; can be taken as given constants. Next, we need to prove that

@, (Ej;) is a standard function with respect to (w.r.t.) Ej, which must hold following: 1)

positive: @y () = 0; 2) monotonic; 3) scalable: A®y (E) = Py (AE) for any A > 1.
First, we rewrite the ®;; as follows:

Oy, (E.1)

51 51
where ®lk = (alkZlk )HalkZlk .
From (F.1), it is clear that @;; > 0 and ®;(Z;) is a monotonically decreasing function

w.r.t. &;. Therefore, 1) and 2) hold. Next, we focus on proving 3).
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>0.

According to (F.2), it can be verified that the above 3) is held and @y () is a standard
function w.r.t. Zj;. Since a standard function will converge to a unique value, the NE for the

non-cooperative game (6.30) is unique and we finish the proof.
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