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Abstract

Abstract

This dissertation is concerned with the nonconvex optimization problems of interfer-
ence management under the consideration of new disruptive technologies in the fifth-
generation cellular networks. These problems are the key to the successful roll-out of
these new technologies but have remained unsolved due to their mathematical challenge.
Therefore, this dissertation provides novel minorants/majorants of the nonconvex func-

tions which are then used for the successive convex approximation framework.

The first considered technology is heterogeneous networks (HetNet) in which base sta-
tions (BSs) of various sizes and types are densely deployed in the same area. Although
HetNet provides a significant improvement in spectral efficiency and offloading, de-
signing an optimal power transmission and association control policy is challenging,
especially when both quality-of-service (QoS) and backhaul capacity are considered.
Maximizing the total network throughput or the fairness among users in HetNet are
challenging mixed integer nonconvex optimization problems. Iterative algorithms based
on alternating descent and successive convex programming are proposed to address such

problems.

Next, we consider a full-duplex multi-user multiple-input multiple-output (FD MU-
MIMO) multicell network in which base stations simultaneously serve both downlink
(DL) users and uplink (UL) users on the same frequency band via multiple antennas to
potentially double the spectral efficiency. Since the use of FD radios introduces addi-

tional self-interference (SI) and cross interference of UL between DL transmissions, the

viil



Abstract

minimum cell throughput maximization and the sum network throughput maximization
with QoS guarantee are nonconvex challenging problems. To solve such challenging op-
timization problems, we develop path-following algorithms based on successive convex
quadratic programming framework. As a byproduct, the proposed algorithms can be
extended to the optimal precoding matrix design in a half-duplex MU-MIMO multicell

network with the Han-Kobayashi transmission strategy.

Finally, the last research work stems from the need of prolonging user equipments’
battery life in power-limited networks. Toward this end, we consider the optimal design
of precoding matrices in the emerging energy-harvesting-enabled (EH-enabled) MU-
MIMO networks in which BSs can transfer information and energy to UEs on the same
channel using either power splitting (PS) or time switching (T'S) mechanisms. The total
network throughput maximization problem under QoS constraints and EH constraints
with either PS or TS in FD networks is computationally difficult due to nonconcave
objective function and nonconvex constraints. We propose new inner approximations of
these problems based on which a successive convex programming framework is applied

to address them.
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Chapter 1

Introduction

Since the introduction of the first generation (1G) cellular networks in the 1980s, hu-
manity has witnessed its dynamic evolution. From being a substitute for landlines,
mobiles phones have become increasingly popular, with more than seven billion mo-
bile subscriptions worldwide in 2015 [ITU, 2015]. In addition, more than ever wireless
devices are used to stream and download various types of media and data. Fig. 1.1
shows the prediction of Cisco of the significant global data growth from 2015 to 2020
with traffic growing about 53% each year in which smartphones, tablets, and video
streaming are the main driving forces [Cisco, 2016]. With the exponential growth rate
of both data consumption and the number of subscriptions, a series of workshops has
been organized around the globe to identify the framework and overall objectives of the
fifth generation (5G) of the cellular networks [Alexiou, 2013]. The expectations of 5G
communication technologies are to serve 100 times more devices, to offer 1000 times

more aggregated throughput and to prolong battery life by 10 times [Metis, 2013].

Simultaneously meeting these expectations is very challenging and may not be practical
since different applications have different performance requirements. For instance, high-
definition video stream application such as Netflix require a very high data rate with
relaxed latency, whereas driverless cars require up to one-millisecond latency but low

data rate. On the other hand, prolonging the battery life of the sensors is a top priority
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Figure 1.1: The predicted growth of global data use [Cisco, 2016].

in a wireless sensor network.

To realize the expectations, there are many revolutionary technologies under consider-
ation including non-orthogonal multiple access (NOMA) [Ding et al., 2014; Benjebbour
et al., 2015], large-scale antenna systems (massive MIMO) [Rusek et al., 2013; Larsson
et al., 2014], full-duplex (FD) radio [Hong et al., 2014; Duarte et al., 2014], millimeter
wave communications [Li et al., 2014; Rappaport et al., 2013], heterogeneous networks
(HetNets) [Andrews, 2013], cognitive radio (CR) [Kim and Giannakis, 2011; Wang et al.,
2013], simultaneous information decoding (ID) and energy harvesting (EH) networks
[Lu, Niyato, Wang and Kim, 2015; Lu et al., 2016] and software-defined networking
(SDN) [Sezer et al., 2013]. Therefore, numerous problems and designs must be ad-
dressed before 5G comes into practice. The research of this dissertation examines three
disruptive technologies that not only provide significant performance improvement but

also change the architecture of the current network, i.e.,

e HetNets in which cells of different types are densely deployed to serve a large
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number of user equipments (UEs);

e F'D networks in which transmitters can send and receive simultaneously on the

same frequency band to boost the network throughput;

e EH technology that enables ID and EH from the received radio frequency signal

on the same frequency band to prolong devices’ battery life.

To provide better understanding of the benefits and difficulties of these three investi-

gated technologies, a general review of them is provided as the following sections.

1.1 Heterogeneous Networks (HetNet)

Traditionally, macro cells are designed to serve a large area (i.e., 1-30 km in cell radius).
Consequently, UEs at cell edges cannot be served with high throughput since the signal
strength attenuates quickly with distance. Moreover, there are isolated areas (e.g.,
residential and office areas) that the radio signals cannot penetrate due to walls and
obstacles. In addition, the macro cell can be easily overloaded in areas with high
population of UEs (e.g., shopping malls or concerts) in which each UE is served with a
small amount of resources (i.e., time slots or frequency bands) despite receiving signals

with a high signal-to-noise (SNR) ratio.

To address these issues, heterogeneous networks (HetNet) in which numerous low-power
small cell base stations (BSs) overlapping with a macro cell area as depicted in Fig.
1.2 have been introduced to serve the massive number of UEs in the next generation
cellular network. [Andrews, 2013| has considered HetNet as a cellular paradigm shift
as well as the only scalable way to address the high demand of throughput of numerous

UEs since it offers the following benefits [Chandrasekhar et al., 2008]:

e DBetter coverage: UEs in the isolated areas can now be served by newly deployed

small cells. Moreover, the signal reception quality or SNR is enhanced thanks to
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the shortened BS-UE distance.

e Better spectral efficiency: Since small cells transmit with much smaller power
than the macro cells, they can opportunistically transmit in the same resource
blocks with the macro cells without creating much interference to the macrocell’s
UEs. Consequently, HetNet provides a more efficient area spectral efficiency (i.e.,

total number of UEs served per Hz per unit area).

e Macrocell offload: The traffic that is traditionally concentrated at macro cells can
be offloaded to smaller cells where the resources (i.e., spectrum and time slots) are
more available. Consequently, UEs’ quality-of-service (QoS) is improved thanks

to less competition for radio resources.

e (st effectiveness: In comparison to macrocells, the deployment cost of the micro-
cells and picocells can be reduced thanks to smaller deployment sizes and flexible
backhaul solutions (e.g., DSL links, optical cables or wireless links). Moreover,
femto cells are deployed mainly by an end user in a plug-and-play manner which

eliminates the expense of site survey and network planning process.

However, small-cells’ BSs are generally equipped with low capacity backhaul for eco-
nomic benefits [Andrews, Buzzi, Choi, Hanly, Lozano, Soong and Zhang, 2014]. If these
BSs serve too many high throughput-demanding UEs, there will be a potentially un-
acceptable level of delay/jitter at the UEs due to the bottleneck in transporting data
through their non-ideal backhaul links. Backhaul capacity constraints are necessary
when designing the BS-UE association rules (i.e., deciding which UEs are served by
which BS). Moreover, since small-cells’s BSs can be closely located to each other, in-
tercell interference in HetNet becomes much more acute in comparison to traditional
networks [Lopez-Perez et al., 2011]. Given established BS-UE associations, the interfer-
ence can be effectively managed via power control. Nevertheless, the once presumably

optimal BS-UE associations might be no longer optimal after the power control strategy
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Figure 1.2: An example of HetNet.

is updated. Therefore, jointly optimal designs of both traffic ofloading and interference

management are crucial to achieve high network performance.

However, the joint design problems belong to the difficult class of mixed integer non-
convex optimization since the BS-UE association variables and the transmit power vari-
ables are binary and continuous, respectively. In addition, the backhaul constraints are
nonconvex even under fixed BS-UE association variables. Furthermore, the through-
put function is coupled by both BS-UE association variables and the transmit power
variables, making the problem even more challenging. Despite the high complexity
of the joint problems, the promising benefits for HetNet motivate the research of this

dissertation to develop novel solution frameworks.
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1.2 FD Networks

It has long been believed to be impossible to simultaneously transmit and receive signals
on the same frequency band due to the severe self-interference (SI) from the transmit
antenna of a transmitter toward its receive antenna [Goldsmith, 2005]. Since transmit
antennas and receive antennas are closely co-located, the incurred SI is many times
(100 dB+) stronger than the background noise, which creates a significant degradation
of the network performance. Every traditional radio transmits and receives on either a

different frequency or time slot to avoid the SI.

Until recently, SI can be suppressed to a sustainable level for FD communication thanks
to the breakthroughs in hardware design [Duarte et al., 2012; Everett et al., 2014;
Duarte et al., 2014; Anttila et al, 2014; Heino et al, 2015]. DUPLO project [DUPLO
project, 2015] also provides a proof-of-concept that validates the feasibility of FD radios.
This breakthrough enables numerous new network designs allowing in-band full duplex
transmissions. In particular, the spectrum dedicated for downlink (DL) transmission
can now be used for uplink (UL) transmissions as well. With the new implementa-
tion of FD radios in Long Term Evolution (LTE) networks, spectrum licence holders

immediately double their spectrum assets that are worth billions of dollars.

Still, the state-of-the-art SI canceller cannot perfectly eliminate all the SI. The residual
SI, albeit being reduced, still has a substantial impact on the network performance.
In addition, since the DL and UL transmission is simultaneously conducted on the
same frequency band, there will be cross interference between the UL and the DL
transmissions as illustrated in Fig. 1.3. The UL and DL transmission problems can
no longer be separated due to the joint dependency of throughput functions on the UL

and the DL transmissions.

Moreover, since UL and DL transmissions in FD networks have adverse effects on each

other’ s performance, it is important to guarantee a minimum QoS for all receivers to
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Figure 1.3: An example of interference in a simple FD network with one transmitter,
one half-duplex (HD) DL UE and one HD UL UE.

avoid the situations in which one transmission direction is completely shut off for the
sake of the other. Nonetheless, QoS guarantee results in difficult nonconvex constraints
which have not been efficiently addressed before. Even finding a feasible point to the
design is already challenging due to the nonconvexity and disconnectivity of the feasible
set. Therefore, it is attractive and useful to analyze the mutual effect of UL and DL
transmissions in FD networks by designing of precoding matrices (i.e., matrices that
represent antenna transmit patterns) for both UL and DL transmissions to manage the

newly generated interference.

1.3 Energy-harvesting-enabled (EH-enabled) Networks

To prolong the battery life of devices, it is appealing to harvest energy from the am-
bient radio frequency (RF) signals [Lu, Niyato, Wang and Kim, 2015; Lu et al., 2016].
This approach not only enhances the battery life but also opens up an opportunity to
eliminate the need of replacing batteries in some power-limited networks via wireless
charging. Although it is possible to opportunistically harvest energy from nature sources
such as wind and sun, the amount of harvested energy is unpredictable and cannot be
controlled. In the next generation cellular networks, small-cells’” BS could become dedi-

cated and reliable wireless energy sources that power up distant EH-enabled UEs [Buzzi
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et al., 2016]. Taking advantage of the close BS-UE proximity in small cells, battery
powered UEs can harvest an adequate amount of RF energy for practical applications

[Ding et al., 2015; Lu, Niyato, Wang and Kim, 2015; Lu et al., 2016].

Though RF energy transferring has been used long ago to power devices that are several
meters to several kilometers away from the transmitter [Huang and Lau, 2014; Lu,
Wang, Niyato and Han, 2015|, there is a recently emerging interest in the use of RF
signals for both information transferring and energy delivering [Varshney, 2008; Shen
et al., 2014]. The transmitter can now behave as both the information source and the
energy source to provide efficient and on-demand services for low-power-consumption
devices such as sensors as depicted in Fig. 1.4. The advantage of this approach is
that it can be implemented on the existing wireless communication networks without

hardware modification at the transmitters.
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Figure 1.4: An example of interference in an EH-enabled network in which a transmitter
sends information and transfers energy on the same channel.

In this approach, there are two typical implementations for wireless EH and ID. The

first is by splitting the received signal into two portions for decoding information and
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harvesting energy separately, namely receive power splitting (PS). The second is named
transmit time switching (T'S) in which the receiver harvests energy for a portion of a
time frame and decodes information for the rest of the time. The receiver architecture

designs of these two implementations are depicted in Fig. 1.5.
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Figure 1.5: Receiver architecture designs for EH-enabled receiver.

However, it is not possible to maximize the total network throughput and the total
harvested energy at the same time since the received signal is split for ID and EH. The
tradeoff between ID and EH in the EH-enabled system has been investigated in point-
to-point communications or in an interference channel (i.e., there are many point-to-
point pairs of transceivers communicating at the same time). However, the rate-energy
trade-off is still unknown for a general network such as a multicell multi-user MIMO
network. In addition, the EH-enabled UEs can opportunistically harvest even more
energy from UL transmissions in the FD network. Although the relationship between
ID and EH becomes even more complicated in FD communications, the potential for
better spectral efficiency and higher harvested energy motivates the research of this

dissertation to design the optimal splitting factors and precoding matrices for either PS
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or TS.

1.4 Objectives and Contributions

The key common factor that hinders the practicality of these three technologies inves-
tigated in this dissertation is the generated interference which can significantly degrade
the network performance. To mitigate the interference, it is crucial to properly manage
the resources in the wireless cellular network. These resources can be categorized into
two groups. In the first group, resources can be represented as continuous variables
such as transmit power, antenna transmit patterns, or transmit/receive durations. Re-
sources in the second group are discrete in nature such as time slots, subcarriers, devices
or logical links. The variables that represent this group are either binary or integer and
restricted in a finite set. Proper allocation of these resources is the key to mitigating the
interference and maximizing the network performance while satisfying physical/design
limitations as well as network/application requirements. However, since a universal
frequency reuse approach! will be applied in the next generation wireless network for
better spectral utilization [Lopez-Perez et al., 2009; 3GPP, 2010], this task is nontrivial
due to the intricate relationship between resource allocation and network performance
in wireless networks. For instance, the increase in transmit power of a BS can enhance
the throughput of its serving UEs but degrade the reception quality of other nearby
UEs due to the incurred interference. On the order hand, letting a UE be served by a
BS that provides the largest signal strength may not be the optimal solution if that BS
is currently serving a large number of UEs. Consequently, most of interference manage-
ment problems are open and challenging nonconvex optimization problems, especially

when new technologies are adopted in 5G.

The main objective of this dissertation is to develop numerically tractable algorithms

IThe practice of universal frequency reuse in a network means that all transmitters and receivers in that network are
operating on the same frequency band

10
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to find optimal solutions of various NP-hard nonconvex optimization problems in the
next generation cellular networks. With the newly developed inner approximations,
these problems can be addressed via a successive convex approximation framework.
The resulting optimal resource management strategies will provide insights into the
achievable performance of the wireless cellular network when the new technologies are
applied. In particular, the objectives and contributions of research in this dissertation

include the followings:

e To study a joint design of BS-UE associations and transmit power control to max-
imize network total throughput or to provide fairness among UEs in the downlink
of a HetNet. The effect of imperfect backhaul links is also considered. Both
problems belong to the difficult class of mixed-integer nonconvex optimization.
Algorithms based on an exact penalty method combined with successive convex

programming are proposed to address these problems.

e To investigate a joint design of UL and DL linear precoders in a MU-MIMO multi-
cell network to maximize the total network throughput or the UE’s fairness. The
effects of self-interference (SI) and the cross interference from UL to DL trans-
missions on the network throughput are also studied. The problem is nonconvex

and will be addressed by the proposed successive convex quadratic programming.

e To analyze a joint design of precoding matrices for the sum throughput maximiza-
tion in an EH-enabled FD MU-MIMO network. Both throughput constraints and
EH constraints are considered to guarantee the QoS requirements. The total har-
vested energy maximization problem is also studied. All these problems will be

addressed by the newly proposed path-following algorithms.

11
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1.5 Dissertation Outline

The outline of the dissertation is as follows:

Chapter 1

This chapter presents the motivation and objectives of this PhD research. The overview
of each problem and its challenges are introduced.

Chapter 2

An overview of optimization theory with an emphasis on successive convex approxima-
tion framework are firstly provided. Then, a brief review of some fundamental concepts
of wireless communication channels and transmission techniques that are frequently
used throughout this dissertation is introduced.

Chapter 3

New strategies are devised for joint load balancing and interference management in the
downlink of a heterogeneous network, where small cells are densely deployed within the
coverage area of a traditional macrocell. Unlike existing work, the limited backhaul
capacity at each BS is taken into account. The objective here is either (i) to maximize
the network sum rate subject to minimum throughput requirements at individual UEs,
or (ii) to maximize the minimum UE throughput. The inherently binary BS-UE asso-
ciation variables are strongly coupled with the transmit power variables. New iterative
algorithms are developed based on an exact penalty method combined with successive
convex programming, where we deal with the binary BS-UE association problem and
the nonconvex power allocation problem one at a time. Numerical results demonstrate
the efficiency of the proposed algorithms in both traffic offloading and interference mit-
igation.

The work in this chapter has been published in:

e H. H. M. Tam, H. D. Tuan, D. T. Ngo, T. Q. Duong and H. V. Poor, “Joint
load balancing and interference management for small-cell heterogeneous networks

with limited backhaul capacity,” IEEFE Transaction on Wireless Communications,

12
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vol. 16, no. 2, pp. 872-884, February 2017.

Chapter 4

The designs for jointly optimal linear precoders for both BSs and users in a FD MU-
MIMO multicell network are studied. The BSs are full-duplexing transceivers while
uplink users and downlink users (DLUs) are equipped with multiple antennas. Here,
the network QoS requirement is expressed in terms of the minimum throughput at the
BSs and DLUs. The problems of either QoS-constrained sum throughput maximiza-
tion or minimum cell throughput maximization are considered. The first problem has
a nonconcave objective and a nonconvex feasible set, whereas the second problem has
a nonconcave and nonsmooth objective. To solve such challenging optimization prob-
lems, iterative low-complexity algorithms that only invoke one simple convex quadratic
program at each iteration are developed. Numerical results demonstrate the advantages

of our successive convex quadratic programming framework over existing solutions.

Moreover, the proposed approach can also be extended for the optimal precoding ma-
trices design in an HD MU-MIMO multicell network with the Han-Kobayashi (H-K)
transmission strategy [Han and Kobayashi, 1981]. The key benefit of H-K strategy is
that it gives the largest known achievable capacity region [Etkin et al., 2008; Karmakar
and Varanasi, 2013]. However, the throughput function is a highly nonlinear and non-
smooth function in the precoding matrix variables, which renders existing approaches
unable to address the difficult sum network throughput maximization problem. For the
first time, the optimal precoding matrices under H-K strategy are found via a successive
convex quadratic programming algorithm that generates a sequence of improved points.
Numerical results confirm the advantages of our proposed algorithm over conventional

coordinated precoding approaches where the intercell interference is treated as noise.

The work in this chapter has been published in:

13
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e H. H. M. Tam, H. D. Tuan, and D. T. Ngo, “Successive convex quadratic pro-
gramming for quality-of-service management in full-duplex MU-MIMO multicell
networks,” IEFEFE Transaction on Communication, vol. 64, no. 6, pp. 2340-2353,
June 2016.

e H. H. M. Tam, H. D. Tuan, D. T. Ngo, and H. H. Nguyen, “Precoding de-
sign for Han-Kobayashis signal splitting in MIMO interference networks,” IEICE

Transactions on Communication, December 2016.

Chapter 5

An efficient design of precoding matrices for the sum throughput maximization under
throughput QoS constraints and EH constraints for energy-constrained devices for a
FD MU-MIMO network is investigated in this chapter. Both TS and PS are considered
to ensure practical EH and ID. The considered practical problems are quite complex
due to the highly nonconvex objective and constraints. Especially, with TS, which is
implementation-wise quite simple, the problem is even more challenging because the
time splitting variable is not only coupled with the DL throughput function but also
coupled with the SI in the UL throughput function. New path-following algorithms
which require a convex quadratic program for each iteration are developed for the solu-
tions of these problems. In the end, the merits of the proposed algorithms are illustrated

through extensive simulations.

The work in this chapter has been published in:

e H. H. M. Tam, H. D. Tuan, A. A. Nasir, T. Q. Duong and H. V. Poor, “MIMO
energy harvesting in full-duplex MU-MIMO networks,” IEEFE Transactions on

Wireless Communication, 2017.

Chapter 6

This chapter firstly summarizes the studies and contributions of this PhD dissertation.

14
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The potential future research developments are then presented.

15



Chapter 2

Background

In this chapter, the general introduction of some optimization concepts and techniques
that are frequently used to address the challenging mathematical problems in this dis-
sertation will be provided. Then, an overview of MIMO transmission techniques that
will be used throughout this dissertation is presented. The focus of this overview is
on DL transmissions since the BSs are equipped with much better hardware capabili-
ties than UEs and thus can implement complex processing algorithms. In particular,
the benefits of MIMO system are briefly discussed. Then the system model and the
achievable capacity of a single-user MIMO network and a multi-user MIMO network
are presented. In the context of multicell networks, coordinated multipoint transmis-
sion /reception techniques will be introduced as a key technology to mitigate the intercell

interference.

2.1 Optimization Background

2.1.1 Convex Optimization

Fundamental definitions in convex optimization are given as follows
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Definition 2.1. [Tuy, 1998] A set S is convex if for any x andy in S and « € [0, 1],

it is true that ax + (1 — «)y also belongs to S.

Definition 2.2. [Tuy, 1998] A function f(x) is conver in x on a convex domain S if

for any x and 'y in S and o € [0, 1], it is true that

flax+ (1 —a)y) < af(x)+ (1 —a)f(y).

Definition 2.3. [Tuy, 1998] A function f(x) is concave in x on a convex domain S if

for any x andy in S and « € [0, 1], it is true that

flax+(1=a)y) = af(x)+(1—a)f(y)

Definition 2.4. [Tuy, 1998] For a convex function f : R" — R or f : C" — R, the
constraint f(x) < 0 is called conver whereas the constraint f(x) > 0 is called reverse

convet.

Definition 2.5. [Tuy, 1998] An optimization problem miny f(x) s.t. x € S is said to
be conver if f(x) is a convex function in x and S is a convex set.

Note that maximizing a concave function over a convex set is the same as minimizing

of a convex function over a convex set and thus is a convex program.

Definition 2.6. [Tuy, 1998] x* € S is a global minimizer of a function f over a set
S if and only if f(x*) < f(x),Vx € S. Then f(x*) is called the global minimum of f

over S.

Definition 2.7. [Horst and Tuy, 1996] Let € > 0 be a real number. An e-neighbourhood
of a point x* € § is defined as:

N(x" ) ={xeS:|x—x"| <€}

A point x* 1s called a local minimizer of a function f over S if and only if there exists

€ > 0 such that f(x*) < f(x) for all x € N(x*,€).
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Convex programming is inarguably one of the most popular classes of optimization
problems and finds its use in various application areas such as signal processing, con-
trol and finance. The most fundamental property of convex programming is that any
found local minimizers are also the global minimizer. Nevertheless, many problems in
wireless communications, especially in the 5G cellular network, are nonconvex. In some
particular cases, these seemingly nonconvex problems can be transformed to convex op-
timization problems via mathematical manipulation. On the other hand, a nonconvex
problem is typically addressed by its convex approximmated/relaxed problem whose
global minimum can be served as the upper bound of the original problem. In addition,
iterative optimization frameworks such as alternating optimization [Bertsekas, 1999,
block coordinate descent[Bertsekas, 1999] and successive convex approximation [Marks
and Wright, 1978] can be applied to find local minimizers. Under these frameworks,
a simple convex problem is solved for each iteration. Therefore, convex programming
is still an essential tool to solve the challenging nonconvex problems in the modern

communication systems.

Semi-definite programming (SDP) is an important class of convex optimization [Boyd
and Vandenberghe, 2004] that is frequently encountered in the wireless communication

problems. Typically, an SDP has the following form:

min (C
i (CQ)
st (A4,Q)=b;,Vi=1,...,p (2.1)
Q=0,
where C' € C"" A, € C**" i = 1,...,p are known symmetric matrices and Q > 0

means that Q is a positive semidefinite matrix.

Second-order cone programming (SOCP) is another special class of convex programming

that is closely related to quadratic programming [Boyd and Vandenberghe, 2004]. An
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SOCP has the following form:

min c¢’'x
st [JAx+b]| <cIx+d,Vi=1,...,p (2.2)
Mx =m,

where ¢ € R", A; € R"*" b, € R ¢; € R"d; € R,M € R>" and m € R, The
constraint

is called second-order cone constraint. With A; = 0, Vi, an SOCP becomes an
LP whereas a SOCP is a quadratically constrained quadratic program programming
(QCQP) if ¢; = 0, Vi. Also, an SOCP can be equivalently represented as an SDP by
applying the Schur complement on the second-order cone constraints. The advantage
of SOCP over SDP is that the former has lower computational complexity than the
latter of the same SDP size [Alizadeh and Goldfarb, 2001]. For other classes of convex

programming, the reader can refer to [Boyd and Vandenberghe, 2004] for more details.

2.1.2 A Generic Successive Convex Approximation Framework for Non-

convex Programming

The main aim of this dissertation is to investigate the network performance in terms of
total network throughput or UE’s fairness under the consideration of new technologies
in 5G. Unfortunately, all of considered problems are nonconvex or even nonsmooth.
The main approach in this dissertation is to apply the successive convex approxima-
tion framework [Gao and Sherali, 2009] in which the challenging original problem is

addressed by successively solving its convex approximation.

Consider the following nonconvex problem:

min  fo(x)

S.t. fz(X)gaz,Z: Ry 2

(2.3)
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where f;(x) are nonconvex functions. Many nonconvex problems are NP-hard and it
is thus very complicated to locate its global minimizer in this case. Instead, finding a
local minimizer is more tractable and computationally efficient. By using the convex
approximations fi(”) (x) ~ fi(x), one has the approximated problem of (2.3) at the
k-1teration:

in 770 o
s.t. ﬁ(”)(x) <a,i=1,...,p,

whose global minimizer is z*t1.

The following concepts of function approximations [Tuy, 1998| play an important role

in the subsequent development.

Definition 2.8. A function f is called a (global) majorant of function a f at a point
T in the definition domain of f if f(z) = f(z) and f(x) < f(x) V x.

Definition 2.9. A function f is called a (global) minorant of function a f at a point

T in the definition domain of f if f(z) = f(z) and f(x) > f(x) V x.

Based on these definitions, if fi(”) (x) is a majorant of fi(x) at z*) and Vﬁ(n) (z*)) =
V fi(z*)), [Marks and Wright, 1978; Grover, 1997] show that the following procedure
will converge to a point that satisfies Karush-Kuhn-Tucker (KKT) conditions of the
original problem (2.3):

e Choose the initial point z(?) that is feasible to (2.3).

e k-iteration: Solve problem (2.4) and obtain its global minimizer z(**1). Set x :=

k + 1. Repeat this step until convergence.

An important property of this procedure is that it generates a sequence of feasible and

improved solution {Z(")} such that
fo@=HD) < fP @) < f57@0) = fo(a®).
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The idea of this procedure is illustrated in Fig. 2.1. However, finding a majorant of a
nonconvex function is not always an easy task and it requires an understanding of some
advanced mathematical tools. In the followings, two techniques frequently applied in

this dissertation are introduced.

o) i
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f(f(k+l)) = f_(k+1)(f(k+l)) ,,,,,,,,,,
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Figure 2.1: An illustration of successive convex approximation.

Firstly, one has the following property of a convex function.

Theorem 2.1. [Tuy, 1998] If f(x) is a convex function in X over a convex set S, the

first-order approzimation f(x) of f(x) at T is also its minorant as:
f(x) = f(@) +(Vf(@),x - 1) < f(x),

where V f(Z) is a gradient of f(x) at Z.

This property is very useful when a nonconvex function f(x) is a difference of two

convex functions (d.c.):

where g(x) and h(x) are convex in x. Then, the majorant of f(x) at z is given as

9(x) = W) = (VA(T),x — ) > f(x).
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since

h(z) — (Vh(z),x — z) < h(x).

For instance, the following functions are d.c. functions [Horst and Tuy, 1996] :

o f(x) = —g(x), where g(x) is a convex function.
o f(z) = —log(z)+ log(l+ x).

e max f;(x), where f;(x) are d.c. functions.

Unfortunately, recognizing the d.c. form of a nonconvex function f(x) is not always
easy. On some occasions, although f(x) is nonconvex in x, h(g(x)) := f(x) is convex

in g(x). In this case, the minorant of f(x) is found as:

F(x) = f(2) + (Voo h(9(7)), 9(x) = 9(2)),

where Vx)h(g(Z)) is a gradient of h(g(x)) at g(z). For example, for any = and y in R,
f(x,y) := —zy is a nonconvex bilinear function but h(g(x),g(y)) := —/g9(z)g9(y) =
f(x,y) where g(x) := 2% > 0 is a convex geometric mean in g(x) and g(y). The

minorant of f(z,y) at (z,y) is thus
— 7 — g 2 _ 72 . j; 2 . —2 —+ +
T—o-(x=2) = =(y = 7)< f(z,y),Vz e R",Vy e R
27 2y
It should be noted that a nonconvex function f(x) can have multiple minorants and
not all minorants are convex. In this dissertation, one of the main contributions is

to propose convex minorants of many nonconvex and complicated functions which are

then used in the successive convex approximation framework.

2.2  Multiuser MIMO Systems

Initial work of point-to-point MIMO systems (i.e., single-user MIMO systems) [Winters,
1987; Foschini, 1996; Telatar, 1999] has shown a significant enhancement of spectral
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efficiency and reliability compared to single-antenna networks. In practice, single-user
MIMO (SU-MIMO) has been considered as a key technology to boost spectral efficiency
in LTE [Liu et al., 2012]. Furthermore, a BS equipped with multiple antennas can
simultaneously serve different UEs on the same frequency band by spatially multiplexing
different data streams. The advantages of MIMO systems are provided by the following

gains:

e Diversity gain: In MIMO systems, a symbol is sent and received via by multiple
antennas. The UE receives multiple independently faded replicas of the same
symbol, resulting in a reduction in the probability that all replicas are badly
faded at the same time. The reliability of data transmission is thus improved.
For a MIMO system with N, transmit antennas and N, receive antennas, the

maximum diversity order is V; x N, [Sanayei and Nosratinia, 2004].

e Array gain or beamforming gain: This is the enhancement in the quality of signal
reception by coherently combining the replicated symbols from multiple antennas.
In practice, the radiation beam can be focused to the desired UE by applying
proper precoding matrices prior to transmission. The radiation beam can also be
directed away from the undesired UEs to reduce the undue interference, resulting

in better signal reception at these UEs.

e Spatial multiplexing gain: By exploiting the multiple antennas, multiple data
streams can be multiplexed into the same frequency band and transmitted at the
same time. In other words, different symbols are simultaneously sent via different
faded paths to a receiver or multiple receivers. In the high signal-to-noise (SNR)
ratio region, it is shown in [Foschini, 1996] that the capacity of a point-to-point

MIMO channel is linearly proportional to the spatial multiplexing gain as
C(SNR) = min{Ny, N, }log(SNR) + O(log(SNR)). (2.5)

where min{N;, N, } is the spatial multiplexing gain. However, some of these

streams may suffer from weak SNRs, reducing the reliability of the reception
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of symbols tranmitting on these stream. This is a fundamental tradeoff between

diversity gain and spatial multiplexing gain [Zheng and Tse, 2003].

In the followings, the capacity of the SU-MIMO communication and MU-MIMO com-
munication will be introduced. The concepts and techniques that are introduced in the
section can also be interchangably applied for both uplink and downlink transmission.
Throughout this dissertation, the channel state information (CSI) is always assumed

to be known at a central processing unit.

2.2.1 SU-MIMO Communications

H L

7 L

Figure 2.2: An example of an SU-MIMO network.

A typical SU-MIMO includes one BS and one UE as depicted in Fig. 2.2. The MIMO
transmission channel is represented by a matrix H € CV*Nt where N, and N, are the
number of BS transmit antennas and receive antennas, respectively. Denote a vector
of symbols intended to the UE as s € C! where d < min{N;, N,} is a number of
symbols. The BS processes these symbols via a precoding matrix V. € CV*? before
transmission. Upon defining the transmit covariance matrix as Q = Vs(Vs)#, the

achievable throughput at the UE is
1
R(Q) = log, Iy, + FHQHH , (2.6)

where o2 is the noise power at the UE and I, is the identical matrix of size N,. To

find the optimal Q that maximizes the throughput, the following optimization problem
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is addressed:

max R(Q) : (Q) < P, rank(Q) =d, (2.7)

Q=0
where P is the maximum transmit power of the BS. Assuming d = N, the difficult
rank constraint rank(Q) = d can be neglected and (2.7) reduces to a convex program.
[Telatar, 1999] shows that each symbol in s can be transmitted through a parallel
subchannel. In particular, one has H = UXV# via singular value decomposition (SVD)
where U € CN*Nr and V € CN*M are unitary matrices. ¥ is an N, x N, diagonal
matrix with the singular value \; for i = 1,..., Ny, where Ny, = min{N;, N,.}. Then,

the received signal y at the UE can be represented as

y=Hs+n=UXV"s+n (2.8)
s Uy =5(VHs) +UMn (2.9)
&y =Y5+n, (2.10)

where § = Uy, 5 = Vs and i = Ufn. UY and V¥ can be understood as the receive
filter and transmit precoding matrices, respectively. Because U is an unitary matrix,
n has the same mean and variance as n. As shown in (2.10), the i-th symbol s; in s
is transmitted through a SISO subchannel with a channel gain of )\;. The throughput
of each symbol is log(1 + A\?P;/c?) where P; is the transmit power of symbol s; and
> P < P. A water-filling algorithm [Chuah et al., 2002] can be applied to find the

optimal transmit power P as

P = (u— p) , (2.11)

where (1 is chosen such that ), P, = P. As shown in (2.10), each symbol in s; is
transmitted with power P through a parallel subchannel whose channel gain is \;. If
the subchannel power ); is small in comparison to o2 for some i, the reliability of the
reception of s; is low. This illustrates the tradeoff between the multiplexing gain and

the diversity gain.
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2.2.2 MU-MIMO Communications

2 UE 1
Hy | |

BS _T

HR &
T_ UE K

Figure 2.3: An example of an MU-MIMO network.

A typical MU-MIMO includes one BS equipped with NV, antennas and K UEs equipped
with N, antennas as depicted in Fig. 2.3. Denote H; € CN*"t as the channel matrix
from BS to UE i. The BS transmits the vector of symbols s; € C*>! E{s;sF} = I, to
UE i where d is the number of concurrent symbols and d < min{N,, N;} *. The symbol
vector s; is precoded by the matrix V; € CV*4. The received signal at UE i is

K
yi=HVisi+ > HV;sj+n,, (2.12)

j=L,j#i
where n; is the additive white circularly symmetric complex Gaussian noise with vari-
ance 0. Notice that UE i receives not only its desired symbols s; but also the symbols
intended to other UEs. Without proper network designs, these unwanted signals will

significantly degrade the network performance due to interference.

In the literature, the Dirty paper coding (DPC) technique of [Costa, 1983] is shown
to be optimal for maximizing the network throughput in MU-MIMO communications
where there is only one transmitter. By constructing the codeword for each UE in

such a way that the UEs with higher order do not see the interference from the signals

1The transmit power of each symbol will be included in the design of precoding matrices.
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intended for lower order UEs, the throughput at UE 7 is

-1
Ri(Q) = log, |In, + H/Q;H" (Z H;Q;H!" + 02INT> : (2.13)
j>i
where Q; = V,;VF = 0 is the transmit covariance of UE i and Q = [Q,i=1.. k.
Although R;(Q) is a nonconvex function in Q, the total throughput
K K
Z Ri(Q) = log, [In, + Z H;Q:H'| —log, |0* I, | (2.14)
i=1 i=1

is actually a concave function in Q. Consequently, the total throughput maximization

problem
K

max y Ri(Q) 1 Y (Q) <P (2.15)

i=1

is a convex problem. However, this approach is impractical since DPC requires the non-
causal knowledge of the channels as well as a complicated successive encoding process

[Caire and Shamai, 2003; Yu and Cioffi, 2004].

A practical approach is to decode the desired signal only and consider the others as
white noise. Thus, a natural design of precoding matrices is to minimize the incurred
interference. Block diagonalization [Spencer et al., 2004] is a design of V; in which the
interference toward all other UEs due to the transmission of s; is zero. In particular, one
defines H;, = [HT ... HL | HL, ... HE]" as a collection of channels to all UEs except

that to UE 7. The zero interference constraint is expressed as
H;V, =0, (2.16)

where 0 is a matrix of all zeros with a proper size. The SVD of H; is given as H; =
U,%; [(Vzl )T(V?)T] ' where V? contains all singular vectors corresponding to the zero
singular values in ;. By letting each V; to be some columns in V?, the constraint
(2.16) is automatically satisfied since \_7? belongs to the null space of H;. Therefore,

the reception of s; at UE i is interference-free. The condition for this approach to be

feasible is N, > KN, so that the null space of H; is not empty. However, forcing the
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interference to be zero results in a degradation of network throughput. On the other
hand, if the block diagonalization is not applied, the throughput function at the UE ¢
is
-1
Ri(V) =log, |In, + H;V,; VI H! (Z HV,VIHI + 52 Im) , (2.17)
J#i

where V = [V,];=1,. k. Unlike (2.13), the total network throughput based on (2.17)
is a nonconvex function and maximizing the network throughput is thus a difficult

optimization problem.

In a multi-user system, it is also essential to guarantee that each UE is served with a

minimum throughput. In literature, this constraint is actually a linear constraint in an

MU-SISO network as

-1
logy | 1+ g:ps <Z 9;p; + a2> >, (2.18)

J#i
s gpi > (20 —1) (Z g;p; + 02> : (2.19)

J#
where p; is the transmit power of UE i, g; is the channel gain from BS to UE i, and
r is the guaranteed minimum throughput. In an MU-MISO network, both the channel
matrix H; and the precoding matrix V; are vectors and the throughput constraint can

be recast as a convex second-order-cone constraint [Wiesel et al., 2006] as

-1
log, | 14 [HI'V,? (Z |HI'V;? + 02> >, (2.20)
J#
& |HIV? > (27 - 1) (Z |HTV;|* + 02) : (2.21)
JF
& Re{H!V,;} >V2r — 1| X|, (2.22)
where X = [H{ V... HE Vg o]. However, there is no convex representation of the

throughput constraint in an MU-MIMO network since the throughput function (2.17)
now involves with the determinant operation of a matrix. Consequently, the sum net-

work throughput maximization with throughput guarantee for each UE is still an open
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problem. Motivated by this shortcoming, an effective method to handle problems in-

volved with the challenging throughput constraint is proposed in Chapters 4 and 5.

2.2.3 Coordinated Multipoint Transmission/Reception (CoMP)

To enhance the spectrum efficiency, multiple BSs are allowed to operate on the same
time slots and on the same frequency band (i.e., universal/fractional frequency reuse)
[Damnjanovic et al., 2011; Andrews, Buzzi, Choi, Hanly, Lozano, Soong and Zhang,
2014]. This results in extra intercell interference from one BS towards the UEs served
by other BSs as depicted in Fig. 2.4. Therefore, it is necessary to have some forms
of coordination among the BSs to mitigate the generated intercell interference. CoMP
[Gesbert et al., 2010; Lee, Kim, Lee, Ng, Mazzarese, Liu, Xiao and Zhou, 2012] has
been supported by LTE and LTE-Advanced standards as a key technology to improve
coverage and spectral efficiency by providing a common feedback and signaling frame-
work among the BSs. Based on the extent of the coordination, there are three modes
of CoMP: Interference Aware (IA), Interference Coordination (IC) and Joint Signal

Processing (JP).

In the IA mode, there is no exchange of UE’s data and control information (e.g. channel
information, transmit precoding matrices) among the BSs. A BS selfishly adjusts its
transmission beam to maximize the performance of its own UEs based on feedback of
those UEs on the measured interference. There is no intention of reducing intercell
interference in the IA mode. Therefore, IA forms a non-cooperative game among BSs
with an aim to find a Nash equilibrium (NE) point. Although an NE point can be far
away from the optimal point, the IA mode can serve as a baseline for other coordination

techniques thanks to its simplicity.

In the IC mode, there is also no data exchange among the BSs, which means that a
UE only receives its desired data stream from its serving BS. To mitigate the intercell

interference, the control information among the BSs is shared to enable the precoding
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A Base station

b UE
— Intended signal

-------- > Interference

Figure 2.4: An example of a multicell MU-MIMO network applying IA or IC. Unin-
tended signals are treated as white noise.

designs that exploit the antenna gain to steer the radiation beam away from the un-
desired UEs while focusing the desired UEs. Even in SISO networks where there is
no antenna gain, the exchange information is helpful in determining a proper transmit

power of each BS.

In the JP mode, both UE’s data and control information are shared among BSs. A
UE can receive its desired data streams from multiple BSs as depicted in Fig. 2.5.
The multicell network can now be considered as a single-cell network in which only
one transmitter whose antennas are geographically separated. Although this mode
allows the best exploitation of the antenna gain and the spatial multiplexing gain in
comparison to the other two modes, the high amount of exchanged information puts a
stringent requirement on the backhaul links of BSs . This feature limits the practical

use of the JP mode.



2.2 Multiuser MIMO Systems

\

h —

N

A Base station

b UE
— Intended signal

Figure 2.5: An example of a multicell MU-MIMO network applying JP. UEs can receive
desired data streams from multiple BSs.

In practice, the IC mode is more popular because it can efficiently mitigate the in-
terference without putting a large burden of signaling on the backhaul links. For this
reason, this dissertation will assume the IC mode whenever CoMP techniques are em-

ployed.



Chapter 3

Joint Load Balancing and Interference Management for
Small-Cell Heterogeneous Networks with Limited Back-

haul Capacity

3.1 Introduction

Cell densification is currently the best hope to meet the unprecedented data increase
(the 1000x data challenge) in the 5G wireless networks [Andrews, 2013; Hossain et al.,
2014; 1i et al., 2014]. By densely deploying cells of different types and sizes (e.g.,
macro, micro, pico, femto), the resulting HetNet can offer a substantial growth in
area spectral efficiency and full network coverage in regions traditionally difficult to
penetrate. Another key benefit of HetNet is data offloading, where traffic otherwise

transported via the traditional macrocell is directed to the newly deployed small cells.

Traditionally, a UE is associated with the BS that offers the maximum signal-to-
interference-plus noise ratio (SINR), i.e., the max-SINR rule (see, e.g., [Dhillon et al.,
2012]). As a result, a ‘hotspot’ BS with advantageous link conditions and/or high
transmit power would potentially be inundated with too many UEs while other BSs

only serve a few UEs. Range expansion is a heuristic method that may help balance
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the traffic load among different BSs, in which the SINR is regulated through a pos-
itive bias level [Damnjanovic et al., 2011; Jo et al., 2012]. Still, it is challenging to
determine optimal bias levels for multiple cells. Other related BS-UE association rules
proposed in the literature are based on maximizing the estimated throughput [Lee, Son,
Gong and Yi, 2012] and sum logarithmic throughput [Ye et al., 2013; Fooladivanda and
Rosenberg, 2013; Shen and Yu, 2014]. Using Lagrangian duality decomposition [Low
and Lapsley, 1999], the association rule in [Boostanimehr and Bhargava, 2015] aims
at maximizing the network sum-rate while satisfying the Quality-of-Service (QoS) con-
straints. A heuristic adjustment is then proposed to keep the total number of time
slots demanded by the UEs below that available at the BSs. In [Corroy and Mathar,
2012; Corroy et al., 2012|, a binary relaxation method is proposed to find the optimal
association rule for the sum-rate and minimum-rate maximization objectives. However,
the proposed method is limited to a two-cell network. An extensive overview of the
state-of-the-art in user association for 5G networks can be found in [Liu, Wang, Chen,

Elkashlan, Wong, Schober and Hanzo, 2016].

A common assumption in the above existing work is the availability of ideal backhaul
links with unlimited capacity. This assumption is not true for HetNets. Here, the
low-power BSs of small cells (e.g., pico and femto) connect to the core network via
low capacity backhaul (e.g., DSL links) for economic benefits [Andrews, Singh, Ye,
Lin and Dhillon, 2014]. If these small-cell BSs must serve too many UEs, their non-
ideal backhaul becomes the bottleneck in transporting the required amount of data
traffic to the UEs, resulting in a potentially unacceptable level of delay/jitter at the
UEs. The study of [Beyranvand et al., 2015] proposes an optimal BS-UE association
rule that maximizes the logarithmic utility function while guaranteeing a target delay.
Note that one can guarantee certain levels of delay if the demanded throughput at the
BSs is kept below their respective backhaul capacity [Ghimire and Rosenberg, 2015].
Instead of maximizing the network sum-rate or the minimum UE’s throughput, [Singh

and Andrews, 2014] devises a backhaul-aware BS-UE association rule that is based on
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biasing, cell size and user distribution.

Interference is a major issue in dense small-cell HetNets, wherein numerous cell bound-
aries with poorly defined patterns are created. Compared with traditional cellular net-
works, the effects of the intercell interference are much more acute and unpredictable,
especially at the cell edges [Lopez-Perez et al., 2011]. Power control is an effective way
to manage the interference, assuming that the BS-UE links have already been estab-
lished. For a given BS-UE association, [Yu et al., 2014] devises an optimal BS transmit
power policy for sum-rate maximization with backhaul capacity constraints by solving
the KKT conditions. However, due to the nonconvexity of the considered problem, a
KKT point may not even be locally optimal or feasible. In addition, the once pre-
sumably optimal BS-UE associations will no longer be optimal when the new transmit
power values are used as a result of power control. It is therefore essential to design

jointly optimal strategies for both traffic ofload and interference management.

For CDMA-based networks, joint optimization of BS-UE association and interference
management is considered in [Ha and Le, 2014] for network sum-rate maximization and
in [Sun et al., 2015] for minimum UE’s SINR maximization. It is not straightforward to
apply the results of [Ha and Le, 2014] and [Sun et al., 2015] to networks in which a BS
uses orthogonal channels to serve its UEs to eliminate intracell interference. Different
from CDMA, each UE here is only assigned with a fraction of the time/frequency slots
depending on the current load at its serving BS. Assuming zero intracell interference,
[Madan et al., 2010] proposes an iterative procedure for joint BS-UE association and
interference management that guarantees a maximum delay not be exceeded. Yet, the
convergence of the proposed heuristic method is not proven. Using game theory, [Hong
and Garcia, 2012] finds the Nash equilibrium for such joint optimization problem, albeit
without considering QoS constraints. It is commonly known that a Nash equilibrium
may not be efficient as it could be far away from the actual optimal solution. Notably,
the practical issue of imperfect backhaul links is not considered in [Madan et al., 2010]

and [Hong and Garcia, 2012], presumably due to the nonconvexity of the backhaul
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capacity constraints even when the BS-UE association is fixed.

In this chapter, we formulate new problems for joint traffic offload and interference
management in the downlink of a HetNet. Aiming to maximize the network throughput
and the minimum UE rate, our formulations accommodate both backhaul capacity
constraints and UE QoS requirements. The considered problems belong to the difficult
class of mixed integer nonconvex optimization. The binary BS-UE association variables
are strongly coupled with the transmit power variables, making the problems even more

challenging to solve.

We then develop new iterative algorithms based on alternating descent [Bertsekas, 1999]
and successive convex programming for the formulated problems. Alternating descent
allows us to decouple the original problem into two subproblems and deal with them
one at a time. Even so, each resulting subproblem is still challenging. For a fixed power
allocation, the BS-UE association subproblem is combinatorial. And for a fixed BS-UE
association, the power allocation subproblem is highly nonconvex. We propose to deal
with the binary nature of BS-UE association by relaxation combined with a penalty
method. We then employ successive convex programming to solve two subproblems
in the same time scale. We prove that our proposed alternating descent algorithms
converge, where only two simple convex problems are to be solved in each iteration.
Simulation results show that the proposed algorithms enhance the network throughput

through better load balancing and interference management.

The rest of this chapter is organized as follows: Sec. 3.2 formulates the problems of joint
load balancing and interference management. Sec. 3.3 proposes an alternating descent
algorithm to solve the sum-rate maximization problem. Sec. 3.4 extends the devised
solution to the case of minimum UE rate maximization. Sec. 3.5 presents numerical
results to demonstrate the performance of our proposed algorithms. Finally, Sec. 3.6

concludes the chapter.
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3.2 System Model and Problem Formulations

Consider the downlink of a K-cell HetNet in which one macrocell is overlaid with
K — 1 small cells, as depicted in Fig. 3.1. To best exploit the limited radio spectrum,
universal frequency reuse is adopted [Ye et al., 2013; Shen and Yu, 2014]. Without loss
of generality, we assume that macro base station (MBS) serving the macrocell is indexed
as BS 1, and the BS serving small cell k (e.g., a micro/pico/femto BS) is indexed as BS
k€ {2,3,...,K}. Transmitting at a much lower power than an MBS, the small-cell
BSs are deployed densely in order to extend network coverage, increase throughput and

offload data traffic from the MBS.

We assume that each BS k € {1,2,..., K} connects to a backhaul link with limited
capacity. The backhaul link of each BS carries the downlink traffic for its serviced UEs
from the core network to that BS via a central access point called ‘Point of Presence’
(PoP) [Beyranvand et al., 2015; Jafari et al., 2015; Zhang et al., 2016]. The PoP is
connected to the core network via an optical fiber link whose capacity is much higher
than the total capacity of all links from the PoP to all BSs. Therefore, the effect of core
network-PoP link capacity is neglected in our model [Zhang et al., 2016]. For simplicity,

we also neglect the traffic coming from the control plane [Ghimire and Rosenberg, 2015].

In the considered HetNet, there are N UEs looking for the serving BSs. Similar to
the BSs, the UEs are each equipped with one antenna. A snapshot model is adopted
where the channels remain unchanged during the optimization process. This channel
assumption is well-justified for networks with a low degree of mobility and/or very
high throughput. A central processing unit is employed to collect all the channel state

information and perform the underlying network optimization.

In this chapter, a UE is allowed to associate with at most one BS, but a BS can serve
multiple UEs. Assume that BS k£ € {1,2,..., K} has a full buffer and transmits with

power py. First, consider that only one UE n € {1,2,..., N} is connected to BS k.
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--------- BS-UE association h
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b f\ees 4
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Figure 3.1: A small-cell HetNet with limited-capacity backhaul links. ‘MBS’, ‘PBS’
and ‘PoP’ refer to macro BS, pico BS and Point of Presence, respectively.

The achieved data rate in nats/s/Hz of UE n is expressed as:

rnk(p) 2 In <1 + — InkPk 2) 7 (31)
k=1 9njPj T O

where p 2 (p1,P2,.--,Px)’, gur is the channel gain from BS &k to UE n, and o2 is
the power of background additive white Gaussian noise. As seen from (3.1), UE n is

subjected to the intercell interference from other BS j # k.

Next, consider the general case of multiple UEs connecting to a BS. The BS will then
divide the total available time into a number of time slots and allocates them to its
serviced UEs in a round-robin fashion [Shen and Yu, 2014; Ye et al., 2013]. As such,
each connected UE will receive an equal amount of transmission time while there is no
intracell interference. Denote x,;, € {0, 1} as the BS-UE association variable, i.e., X,,;, =
1 if UE n is associated with BS k and x,, = 0 otherwise. Define x;, = [x1z, ..., xyi|”
and x = [x],... ,X{(}T. If BS k serves a total of (xz) £ S x;; UEs, then each of
these UEs will be allocated 1/(xy) of the total available time. Effectively, data rate
perceived by a connected UE n is 7,,(p)/(xx), which will be further reduced as more

and more UEs are associated to BS k. To reflect the fact that this rate is only possible
if UE n actually connects to BS k, we define the effective data rate given to UE n by
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BS k as:

rof(xe, p) £ %:;p)- (3.2)

It follows that the sum effective data rate of cell k is

Wp) 23 i) = 3 X<X—>(p’ (3.3)

which is required not to exceed the limited backhaul capacity available to BS & [Olmos

n=1 n=1

et al., 2013],[Qian et al., 2013]. The total network throughput across all K cells is then

simply

d orfxp) =>"> %:;p). (3.4)

This chapter aims to enhance the network throughput by joint optimization of BS-UE
association and transmit power allocation. Importantly, our design takes into account
both the QoS requirement of each UE and the limited backhaul capacity at each BS. If
too many UEs connect a particular BS (e.g., due to favorable channel conditions), then
(i) the perceived rate of each UE will decrease and potentially not satisfy the minimum
QoS requirement, and (ii) the sum effective rate of the corresponding cell may increase
and potentially exceed the backhaul capacity. With a proper BS-UE association, the
traffic load will be more balanced among different BSs and the network crowding issue
can be alleviated. With adaptive power allocation, the intercell interference can be

effectively managed to further improve the throughput. Here, we will consider the
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following joint design problem for sum-rate maximization.

max Z Z %k;p) (3.5a)

P, xnke{orl} k—

K

st. > Xu=1n=1._.N (3.5b)
k=1
(xp)>1, k=1,.. K (3.5¢)
K (D)
Yo IRl S RS =1, N (3.5d)
=
N
ankrnk(p) < C}?H<X;€>, k=1,....K (3.5¢)
n=1
0<pr<P™ k=1,... K. (3.5f)

Constraint (3.5b) ensures each UE be connected with one BS only. Constraint (3.5¢)
requires each BS serves at least one UE [Shen and Yu, 2014; Fooladivanda and Rosen-
berg, 2013; Ye et al., 2013; Beyranvand et al., 2015]. In (3.5d) and (3.5e), R > 0
and CPH > 0 specify the minimum throughput requirement for UE n and the backhaul
capacity for cell k, respectively. Finally, (3.5f) caps the maximum transmit power of

each BS k.

We also consider the following problem of maximizing the minimum effective rate among

all UEs:

K
max min Z XnkTni\P) (p)
p:xnke{ovl} n=1,.., N <Xk> (36>

k=1
s.t. (3.5b), (3.5¢), (3.5e), (3.5f).
In problem (3.6), our aim is to support the most vulnerable UEs, e.g., those at the cell

edges.

Both problems (3.5) and (3.6) belong to the difficult class of mixed-integer program-
ming. The strong coupling between the binary variables x and the continuous variables
p make the problems even more challenging. State-of-the-arts in existing literature typ-

ically apply the alternating optimization framework [Kuang et al., 2012; Chitti et al.,
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2013; Ha and Le, 2014; Shen and Yu, 2014; Sun et al., 2015]. In this ‘divide-and-
conquer’ approach, instead of dealing with x and p simultaneously, one decouples the
original problems into subproblems of lower dimensions and resolve one subproblem at
a time. Still for our problems (3.5) and (3.6) at hand, the BS-UE association problem
for optimization in binary x scales exponentially with the number of BSs and UEs.
It is not practical to try all the possible BS-UE combinations, even for networks of
small-to-medium size. Moreover, for a given BS-UE combination, the power allocation
for optimization in p remains highly nonconvex. Specifically, problem (3.5) has a non-
convex objective subject to nonconvex QoS and backhaul constraints, whereas problem

(3.6) has a nonsmooth nonconvex objective subject also to a nonconvex set.

In what follows, we will address both problems (3.5) and (3.6) by a novel alternating
descent method, which aims at improving the iterative solutions. It is noteworthy that
the proposed joint user association and power control algorithms, although designed
for single-antenna networks, can serve as a fundamental building block for subsequent
development of joint user association and beamforming/precoding in multiple-antenna

networks [Shen and Yu, 2014].

3.3 Proposed Alternating Descent Algorithm for Sum-Rate

Maximization

3.3.1 BS-UE Association for Fixed Transmit Power

Given a fixed p := p, we aim to solve problem (3.5) in variable x. References [Corroy
and Mathar, 2012; Corroy et al., 2012] considered the simplest case with K = 2 cells,

under which the objective function (3.5a)

Dt Xt T (P) N onet Xu2rn2(P) 3oy YT () (Xa) + 30,0 otz (p) (1)

(x1) (xa) (x1)(xa2)
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is a fraction of linear functions in the new rank-one constrained matrix variable X = xx7’
for x = [xf, xg] " By dropping the constraint rank(X) = 1 and relaxing binary

constraints on its entries to real numbers belonging to the interval [0, 1], a bisection
search is used in finding the optimal solution of the resultant program. It should be
emphasized again that such a relaxation only works if there are two cells in the network.
This is because for K > 2 the objective function (3.5a) becomes a fraction of nonlinear

functions in X = xx7.

Our objective here is to devise a solution that works for a general network with an
arbitrary number of cells. To begin with, notice that all the constraints (3.5b), (3.5¢)
and (3.5e) are linear in x, but not (3.5d). The following proposition allows us to
equivalently recast the nonconvex constraint (3.5d) as a system of linear constraints on

X.
Proposition 3.1. Under the constraint (3.50), the constraint (3.5d) is equivalent to
(M — (M — D)xpp) rae(p) > RYS(x1), n=1,...,N, k=1,..., K (3.7)

for a sufficiently large number M.

Proof. Denote by (3.5d),, the constraint (3.5d) for n. It is sufficient to show that each

(3.5d),, is equivalent to the following K constraints:
(M — (M — D)%) roi(p) > RES(x), k=1,..., K. (3.8)

Under the constraint (3.5b), for each n there is k,, such that x,;, = 1 and x,,;, = 0,Vk €
{1,..., K} \ {k.}. Therefore, (3.8) merely means that

Pak, (D) = R3S (x1,), (3.9)

and

Mroi(p) = R (xi), k # k. (3.10)
Note that (3.9) is (3.5d),,, showing the implication (3.8) = (3.5d),.
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On the other hand, (3.10) holds true for 0 < M < 400 because its right hand side is
obviously bounded while the factor r,;(p) on the left hand side is strictly positive. The

inverse implication (3.5d), = (3.8) thus follows, yielding the equivalence between (3.8)
and (3.5d),.. N

Next, we deal with the binary nature of x. For x;; € {0,1}, one has x, = x3, and
thus (x;) = (x3) 2 37 %2, The objective function (3.5a) is then expressed as

K N

ZZ xilz;glg(p) (3.11)

k=1 n=1 k
On the one hand, it is straightforward to see that x,;, € {0,1} is equivalent to x2, =
Xnks Xnk € [0,1]. On the other hand, it holds true that x2, < x,;, for x,; € [0,1].
Following [Che et al., 2014}, we relax binary x,; to X, € [0, 1] and introduce a penalty
term in the objective function (3.11) to enforce x2;, = X, thus making x,; binary.
This leads to the following problem:

K N 2 o (0) K N
max Pl(x,p)éZZ%—k)\ZZ(xik—xnk)
x,€[0,1]N (x7)

k=1 n—=1 k=1 n—=1 (3.12)
s.t. (3.5b) — (3.5e),

where A > 0 is a constant penalty factor. Parameter \ signifies the relative impor-
tance of recovering binary values for x over throughput maximization. In (3.12), the
term Zle ij:l(xnk — x2,) is always nonnegative and can therefore be used to mea-
sure the degree of satisfaction of the binary constraints x,, € {0,1}, Vn, k. Without
squaring such a term, the above penalization is exact, meaning that the constraints
x € {0,1}, ¥n, k can be satisfied by a maximizer of (3.12) with a finite value of A (see,
e.g., [Bonnans et al., 2006, Ch. 16]). This nice property makes such exact penalization

attractive.
With Proposition 3.1, problem (3.12) becomes

max Pi(x,p)
x,€[0,1]N (313)

st (3.5b),(3.5¢), (3.5¢), (3.7).
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3.3 Proposed Alternating Descent Algorithm for Sum-Rate Maximization

With an appropriate choice of A, problems (3.13) and (3.5) are equivalent in the sense
that they share the same optimal solution [Che et al., 2014, Sec. II]. Since problem

(3.13) is still nonconvex, we now employ successive convex programming to solve it.

Proposition 3.2. For a given point (;E(“),p), the following convex problem is a global

lower bound mazimization for (3.13):

R ED B ML LS

k=1 n=1 k=1 n=1 (314>
s.t. (3.5b), (3.5¢), (3.5¢), (3.7),

where we define

i W (o ) i
» O rn(p) 2000 (%o = ) B (20 (2

Qg (X7p) = + -

() () ()
(3.15a)

1000 2 (@l5))? = alf) + (22l = 1) (s =2l (3.15)

Proof. See Appendix A, where we show that the objective 751(”) (.,p) in (3.14) is a global
lower bound of the objective P;(x,p) in (3.13), i.e

Pi(x,p) > P (x,p), ¥x and Pi(z™,p) = P (=™, p). (3.16)

The nonconvex problem (3.13) can then be addressed by instead solving its global lower
bound maximization (3.14) in a sequential manner as follows: After initializing from
a feasible point 2(®) of problem (3.13), we iteratively solve problem (3.14) to generate
a sequence {x(“)}, k = 1,2,... of feasible and improved points toward the optimal

Kk—1)

solution of (3.13). More specifically, at iteration s we use z as a feasible point to

solve (3.14) and obtain z(*.

Theorem 3.1. Initialized from a feasible point (0, the sequence {x™} obtained by
iteratively solving (3.14) is a sequence of improved points of (3.13), which converges to

a KKT point.
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3.3 Proposed Alternating Descent Algorithm for Sum-Rate Maximization

Proof. Note that 2(*) and 2(**1) are a feasible point and the optimal solution of (3.14),

respectively. By using (3.16),

Pi(a,p) 2 P (), p) > PP (), p) = Pr(a), p), (3.17)

i.e. ("1 is a better point of (3.13) than 2(*®). Since the sequence {z*)} is bounded,
by Cauchy’s theorem there is a convergent subsequence {z(*)} with a limit point z,
le.

lim [7)1<x(liy),p) - Pl('i‘ap)] =0.

v——+00

For every k there is v such that k, <k < K,41 so

0 = lim [Pi(a"),p) — Pi(z,p)]
< lim [Py(z?,p) — Pi(z,p)]
v—+400
< Vl_igto['])l(xmﬂ)’p) — Pi1(z,p)]
= 0,
showing that hrf Pl(a:”),p) = Py(z,p). Then, each accumulation point z of the
R—1+00

sequence {x()} is a KKT-point according to [Marks and Wright, 1978, Theorem 1].
The proof of Theorem 3.1 is thus complete. [ ]

3.3.2 Power Allocation for Fixed BS-UE Association

Given x := x, we proceed to solving problem (3.5) in the variable p. Although the
difference-of-convex iterations (DCI) approach of [Kha et al., 2012] can be applied in
the absence of backhaul constraints (3.5e), the required log-determinant optimization
is computationally expensive even for commercialized convex solvers. This drawback is
particularly severe in HetNets which consist of a large number of densely deployed BSs
and UEs. Reference [Yu et al., 2014] proposes solving the KKT conditions, followed
by applying the gradient descent method to update Lagrangian multipliers in order to
satisfy (3.5e). Nevertheless, a solution derived from the KKT conditions of a nonconvex

problem may not be locally optimal or even feasible.
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3.3 Proposed Alternating Descent Algorithm for Sum-Rate Maximization

Our aim here is to devise an efficient and optimal power allocation solution. Using

Proposition 3.1 and simple algebraic manipulations, (3.5d) is expressed as the following
linear constraints:

GnkPk = [exp <%> - 1] (Z]l';k,jzl 9njPj + 02) ;

n=1....N, k=1,... K.

(3.18)

Problem (3.5) is then reduced to

max Pi(ep) 2303 0 ) (3.190)

k=1 n=1 k
N
s.t. Zmnkrnk(p) <CPMay), k=1,... K (3.19b)
n=1

(3.5), (3.18).

Because (3.19a) and (3.19b) are still nonconvex in p, we instead consider their convex

bounds as given in the following result.

Proposition 3.3. The rate function r,,(p) in (3.1) admits

K
) B 1 ., 1 1
Tak(P) < efzk)(p) = rnk(p( )) +—% Z (9an§- ))2 ( T (@)
S gup + 0 k=1 IniPi gnip;
j#k,j=1
1 K
+ > g (s — 1) (3.20)

K K
Zj:l 9an§ '+ 02 j=1

as its upper bound, and

1 K 1 1
rae(P) > B (p) 2 ru(p™)) — Z(Qm‘pg'n)f ( a w))

K oY
> gagpy” + 02 71 InaPi Gnib;
j=1

K

! S gup; — ) (3.21)

K ()
2 k=1 Iy T 0% i

as its lower bound.

Proof. See Appendix B. [ |
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3.3 Proposed Alternating Descent Algorithm for Sum-Rate Maximization

With the bounds in (3.20) and (3.21), we now address the nonconvex problem (3.19)
by successive convex programming. Specifically, after initializing a feasible point p(® of

problem (3.19), we iteratively solve the following global lower bound maximization of

(3.19):

K N 5
—(k xn "
max P (z,p) £ " ( fj) 3% (p) (3.22a)
P k=1 n=1 <xk>
N
s.t. ankﬁnk(p) <OPMay), k=1,..., K (3.22b)
n=1

(3.5), (3.18)

to generate a sequence {p}, k =1,2,... of feasible and improved points toward the
solution of (3.19). At iteration s, we use p"~) as a feasible point to solve (3.22) and

obtain p®*). Similarly to Theorem 3.1, we can prove the following result.

Theorem 3.2. Initialized from a feasible point p®, the sequence {p"™} obtained by
iteratively solving (3.22) is a sequence of improved points, which converges to a KKT

point of (3.19).

3.3.3 Joint Optimization of BS-UE Association and Power Allocation

The alternating optimization framework requires solving a series of convex problems
(3.14) [cf. Section 3.3.1] followed by solving a series of convex problems (3.22) [cf.
Section 3.3.2] and repeating until convergence. Realizing that solving one instant of
(3.14) and (3.22) alone already provides a better point, we use them as an alternating
descent to achieve a much faster convergence speed. The proposed joint optimization
of BS-UE association and power allocation for sum-rate maximization is summarized
in Algorithm 1. Our alternating descent approach gives flexibility in executing user
association and power control in the same time slot (as in Algorithm 1) or different

time slots (by selectively deactivating Step 3 or 4 of Algorithm 1).
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3.3 Proposed Alternating Descent Algorithm for Sum-Rate Maximization

Algorithm 1 Joint BS-UE Association and Power Allocation for Sum-Rate Maximiza-
tion
1: Initialize xﬁgg =L n=1,...,N k=1,.. K andp,(co) =P k=1,...,K.
Set k := 0.

2: repeat
3: Solve convex program (3.14) with p := p) to find optimal solution z*.
4 Solve convex program (3.22) with = := z* to find optimal solution p*.

5: Set (x(*+D ptl)) = (z* p*) and k == K + 1.
6: until |(731(x(n)’p(n)) — pl(x(nfl)’p(nfl))) /Pl(x(ﬁfl)’p(nfl))‘ <€

At each iteration of Algorithm 1, the computational complexity of solving convex prob-
lems (3.14) and (3.22) is only polynomial in the number of variables and constraints. To
see this, (3.14) can be equivalently reformulated as an optimization problem with a =
(NK + 1) real-valued scalar decision variables, a linear objective, b = (N + 2K + NK)
linear constraints and one quadratic constraint. Similarly, (3.22) can be equivalently
reformulated as a semidefinite program with (2K +1) scalar variables, a linear objective

and a system of linear matrix inequalities. The complexity required to solve (3.14) and

(3.22) is thus O ((1 +a + b)a?v/b+ 1) and

@ ([(2K 12K + 178 + (2K + 1)’NK*] V3K + NK + 1) ,
respectively [Nemirovski, 2004].

Theorem 3.3. Initialized from a feasible point (z©, p©), Algorithm 1 converges to a
solution of problem (3.5) after a finite number of iterations for a given error tolerance

e > 0.

Proof. The BS-UE association problem (3.13) and the power allocation problem (3.19)
have the same objective function P;(x, p). From (3.17), (3.20) and (3.21), we have the
following relations:
Py (D plt)y > 75{%) (2 +D ptly > 75{*”») (2D pl)
= Pa(a, ) = P ()

> P (@), p)) = Py (a), p), (3.23)
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Maximization

It means that alternatingly solving their respective convex minorants (3.14) and (3.22)
always improves P;(x,p) in each iteration. As such, once initialized from a feasible
point (2, p(®) that satisfies (3.5b), (3.5¢) and (3.5f), Algorithm 1 generates a sequence
{(z™®), p")} of feasible and improved points which eventually converges to a solution
(z,p) of (3.5). Note that z is a KKT point of (3.13) for p = p while p is a KKT of
(3.19) for x = z. Under the stopping criterion

[ (P24, ) — Py (2, p)) P (), p)] < e, (3.24)

Algorithm 1 terminates after a finite number of iterations for a given e > 0. |

3.4 Proposed Alternating Descent Algorithm for Minimum

UE Rate Maximization

The above developed Algorithm 1 is readily extendable to solve the max-min problem
(3.6). In this case, we consider the following objective function.
K o K N
Py(x,p) = n:Hme {Z anzzl: } + A Z Z (Xik — Xnk) , (3.25)
k=1 k=1 n=1
where x,,, € [0,1], n=1,...,N, k=1,..., K and A > 0 is a constant penalty factor.

The BS-UE association problem for a fixed power allocation p := p is now

max Pa(x, p
x5, €[0,1]N 2(%,p) (3.26)

s.t. (3.5b), (3.5¢), (3.5e).
Although the constraint set of (3.26) is convex, its objective is nonsmooth and noncon-
vex. Similar to Proposition 3.2, it can be shown that the following convex problem is
a global lower bound maximization of (3.26):

K K N
- . (%) (k)
max Ps(x, min E a, (%, + A E E Wk Vg (X),
x,€[0,1]NV 2(, p) n=1..N { k( p)} Kl (x) (3.27)

""" k=1 n=1

[|>

s.t. (3.5b), (3.5¢), (3.5e),
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3.4 Proposed Alternating Descent Algorithm for Minimum UE Rate

Maximization
where o) (x, p) and 7' (x) have previously been defined in (3.15).
Next, the power allocation problem for a fixed x := x is
N o
max  Py(z,p) £ min 2tk (p)
P k=1,...,. KK ; (x7) (3.28)

s.t. (3.5e), (3.5f),

which has a nonsmooth nonconvex objective function and a nonconvex set. Similar to
Proposition 3.3, it can be shown that the following convex problem is a global lower

bound maximization of (3.28):

N 2
(K . Xy,
max  P;7(r,p) £ min {;Zli o m(m}

(3.29)
st (3.22b), (3.50),

where (,,(p) has previously been defined in (3.21).

To solve problem (3.6) in both x and p, we modify Algorithm 1 as follows. In Step 3, we
solve convex problem (3.27) instead of (3.14). In Step 4, we solve convex problem (3.29)
instead of (3.22). And because the objective function is now Py(z,p), the proposed

algorithm for problem (3.6) terminates when
|(P2(x(“),p(“)) _ pz(x(nfl)’p(nfl))) /pQ(x(ﬁfl)’p(nfl))’ < e
We shall refer to this modified algorithm as Algorithm 2.

In each iteration of Algorithm 2, the computational complexity of solving problem
(3.27)is O (N + a + d)c*V/c+ N), because (3.27) can be equivalently reformulated as
an optimization problem with a = (NK + 1) scalar real decision variables, a linear
objective, ¢ = (N + K) linear constraints and N quadratic constraints [Nemirovski,

2004]. Similarly, the complexity of solving problem (3.29) is

O ([cd2(K +1)2 + ENK* V3K + NK + N) ,

because (3.29) can be reformulated as a semidefinite program with d = (2K + 1) scalar

variables, a linear objective and a system of linear matrix inequalities. Finally, similar
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to Theorem 3.3, it can be proved that once initialized from a feasible point (2, p(®)
that satisfies (3.5b), (3.5¢) and (3.5f), Algorithm 2 converges after a finite number of

iterations for a given error tolerance e.

3.5 Illustrative Examples
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Figure 3.2: A three-tier network with one fixed MBS (black square), four fixed PBSs
(black diamonds), twenty random FBSs (black triangles) and 200 random UEs (red
circles).

Consider a three-tier HetNet where four pico BSs (PBSs) and twenty femto BSs (FBSs)
are deployed within a macrocell of size 1,000m x 1,000m. The locations of MBS and
PBSs are fixed whereas those of FBSs are random, as shown in Fig. 3.2. We assume there
are N = 200 UEs randomly distributed over the macrocell coverage area. The network
topology is then fixed during the optimization process. Without loss of generality, we
only consider the effect of pathloss when generating the channel gains. The fading
channel is not considered in this work to provide a clear and simple illustration of the

BSs’ footprint. The proposed algorithms can be applied for the fading channel without
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modifications. To illustrate the impact of imperfect backhaul links, we assume that the
MBS, PBSs, and FBSs are each equipped with a backhaul link of capacity CB%, CBH /3
and CPH/10, respectively. Following [Tipmongkolsilp et al., 2011], we choose CBH &
{100, 150, 200, 0o} Mbps where CBH = oo represents the ideal backhaul. For simplicity,
we set the required minimum UE throughput as R3S = RQ°S n =1,... N. The error
tolerance for the algorithms is set as € = 107%. Other 3GPP LTE parameters used to
setup our simulations are listed in Table 3.1 [3GPP TS 36.814 V9.0.0, 2010]. Note that
we divide the obtained rate results by In(2) to arrive at the unit of bps/Hz.

Table 3.1: Simulation parameters used in all numerical examples

] Parameter H Value ‘
Minimum distance between MBS-UE 35m
Minimum distance between PBS/FBS-UE 10m
Path loss model for MBS-UE links 128.1 + 37.61ny0(d), d isin km
Path loss model for PBS-UE links and FBS-UE links || 140.7 + 36.7Iny0(d), d is in km
Maximum MBS transmit power 43dBm
Maximum PBS transmit power 24dBm
Maximum FBS transmit power 20dBm
Background noise power —104dBm
System bandwidth 10MHz
Frequency reuse factor 1

First, we compare the sum-rate performance of the joint design in Algorithm 1 to that of
Algorithm 1 but with full BS transmit power (i.e., no power control). We use the heuris-
tic BS-UE association schemes, namely, max-SINR and DCD [Shen and Yu, 2014] as
benchmarks where full BS transmit power is also assumed. As both benchmark schemes
assume ideal backhaul, we set CBH = oo here for a fair comparison. And since the max-
SINR and DCD schemes do not include the minimum UE throughput constraint, we
first assume RS = 0 in these two schemes to find their BS-UE associations, followed
by calculating their achieved sum-rates and minimum UE rates. Fig. 3.3 shows that
joint design of load balancing and interference management in Algorithm 1 gives much
higher network throughput over load balancing alone. This can be explained by not-

ing that the joint design has an extra dimension of BS transmit power to optimize to
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further enhance the sum-rate performance. When comparing Algorithm 1 with full BS
transmit power to the max-SINR and DCD schemes, the former offers more flexibility
in setting the desired minimum R®°S. Furthermore, for the same values of R2°S that are
achieved by the max-SINR and DCD schemes, the sole BS-UE design by Algorithm 1

gives a slightly better sum-rate performance as can be observed from Fig. 3.3.
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Figure 3.3: Sum-rate performance of Algorithm 1 under ideal backhaul links.

Next, we evaluate the effects of QoS constraints and limited backhaul capacity in the
joint design of Algorithm 1. Fig. 3.4 shows that as we move away from the assumption
of ideal backhaul, the total throughput is gradually degraded. This observation is as
expected because the feasible region of problem (3.5) becomes more restricted. For
each value of CBY Fig. 3.4 also shows that lowering the UE throughput requirement
RS actually increases the total throughput. However, while such an throughput
improvement is pronounced for the ideal backhaul, it is not much so for limited backhaul
capacity cases where reducing R%° beyond 0.2Mbps only marginally improves the sum-
rate. Our numerical analysis reveals that most of the PBSs and FBSs have fully utilized
their respective limited backhaul capacities of CB"/3 and CB"/10, leaving no room for

further throughput improvement at these small cells even if R2°S is small. Such an
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Figure 3.4: Effects of QoS constraints and limited backhaul capacity on the sum-rate
performance of Algorithm 1.

observation again verifies that backhaul capacity is in fact a bottleneck for network

performance.

Fig. 3.5 further demonstrates that for a given R®°S, switching from ideal backhaul
(CPH = 0) to non-ideal backhaul (CBH = 100Mbps) may limit the offloading capability
of small cells. Indeed, many UEs will be transferred from the small cells back to the
macrocell. This observation can be explained as follows. The small cells are more
easily overloaded in the non-ideal backhaul case as their backhaul capacity is much
smaller than that of the macrocell. To meet their backhaul limitations, small-cell BSs
decrease their transmit power to shrink their cell size and serve fewer UEs with lower
cell throughput. With 19dB-23dB higher in power budget compared to that available to
small-cell BSs, the MBS then increases its transmit power (and effectively its coverage
area) to take over the UEs pushed out by the small cells. And with 3-10 times more
backhaul capacity, the MBS is still able to accommodate the incoming traffic. This can
be best observed in Fig. 3.6(b) [cf. Fig. 3.6(a)] and Fig. 3.6(d) [cf. Fig. 3.6(c)], where
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Figure 3.5: Effects of QoS constraints and limited backhaul capacity on the load dis-
tribution by Algorithm 1.

the MBS serves more distant UEs for CB" = 100Mbps.

Fig. 3.7 demonstrates the fairness given by Algorithm 2 for max-min UE rates. Here,
we compare against Algorithm 1 for sum-rate maximization where R2°5 = 0.05Mbps
is assumed. As seen from the figure, Algorithm 2 improves the minimum UE rate
as the cost of reduced total throughput. Furthermore, for CB% > 150 Mbps, reducing
backhaul capacity does not affect much the minimum UE rate and sum-rate performance
of Algorithm 2 because the ample backhaul capacity at each cell can still accommodate
more data traffic. However, for CB" < 100 Mbps, the minimum UE rate by Algorithm 2
starts to fall dramatically. And at CBH = 50Mbps, the achieved minimum UE rate drops
by more than 4.5 times compared to that in the ideal backhaul case. At this point, a
significantly larger number of UEs turns to the MBS for service as shown Fig. 3.8. This
is because the MBS still has available backhaul capacity while the PBSs and FBSs are

more likely to be overloaded.

Finally, we examine the convergence of the proposed algorithms. It is sufficient to
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Figure 3.6: Changes in BS-UE associations by Algorithm 1 under various choices of UE
QoS requirements and backhaul capacity.

choose a large value of the penalty factor A in the exact penalty method. To improve
the convergence speed of Algorithms 1 and 2, our implementation starts with A = 103
and fine-tunes A through a bisection search until the objective functions no longer
change and binary values of x are found. For brevity, only the case of CBH = 100Mbps
is presented for illustration. Fig. 3.9(a) plots the convergence of the objective function
(3.19) by Algorithm 1 for RS = 0.1Mbps. Fig. 3.9(b) plots the convergence of the
objective function (3.25) by Algorithm 2. In these plots, the system bandwidth is

normalized to unit to ensure the compatibility of the utility function and the penalty
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Figure 3.7: Fairness by Algorithm 2 and effects of limited backhaul capacity on the
minimum UE rate.

term in (3.19) and (3.25). The number of iterations in each plot corresponds to the
presented values of X\. As can be seen from Fig. 3.9, the proposed algorithms only
require at most ten iterations to converge. It is worth noting that each iteration of
our algorithms involves solving only two easy convex problems, each with polynomial

complexity.

3.6 Conclusions

In this chapter, we have proposed new joint BS-UE association and power control
schemes for HetNets. Specifically, we have addressed two difficult mixed-integer opti-
mization problems: (i) sum-throughput maximization under QoS constraints and (ii)
maximization of minimum UE throughput. Our problem formulations also include the
practical constraint of limited backhaul capacity. Our developed alternative descent

algorithms are based on an exact penalty method combined with successive convex
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Figure 3.8: More UEs switch to MBS when backhaul capacity is limited in Algorithm 2.
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Figure 3.9: Convergence of Algorithms 1 and 2 for e = 1074

programming, where we address the binary BS-UE association problem and the non-
convex power allocation problem separately. At each iteration, only two simple convex
problems are solved in the same time scale. Our algorithms improve the objective func-
tions in each iteration and converge eventually. Simulation results have demonstrated
the usefulness of our devised algorithms in both traffic offloading and interference man-
agement. The simulated data rate indeed does not meet the expectation of 5G. How-

ever, the main purpose of this Section is to proposed a method to optimize the power
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allocation and BS-UE association in HetNet. Future researches will investigate the im-
plement of MIMO transmission and OFMD system which can much further enhance

the performance of the network.
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Chapter 4

Successive Convex Quadratic Programming for Interfer-

ence Management in MU-MIMQO Multicell Networks

In this chapter, the main focus is on developing path-following algorithms based on
successive convex quadratic programming for QoS management in the FD MU-MIMO
multicell networks. Then the proposed algorithms are extended to address the optimal
precoding matrices design in the half-duplex MU-MIMO multicell networks with H-K
transmission strategy [Han and Kobayashi, 1981]. Though H-K strategy is not a part of
5G technologies, the significant enhancement in the capacity region that this strategy

provides is the driving force of this investigation.

4.1 Precoding Design for QoS Management in Full-Duplex
MU-MIMO Multicell Networks

4.1.1 Introduction

Full-duplexing is recently proposed as one of the key transceiving techniques for the 5G
networks with the potential of doubling the capacity of wireless links [Choi and Shirani-

Mehr, 2013; Sabharwal et al, 2014; Heino et al, 2015]. Different from the conventional
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4.1 Precoding Design for QoS Management in Full-Duplex MU-MIMO
Multicell Networks

time-division and frequency-division duplexing, FD allows simultaneous transmissions
to multiple DLUs and multiple reception from multiple ULUs in the same time slot and
on the same frequency. Such bidirectional communication on the same radio resources
is traditionally assumed impractical, due to the huge SI between transmit and receive
antennas on the same device. Only recently, advances in hardware design have allowed
the SI to be suppressed to a level potentially suitable for FD communications [Everett

et al., 2014; Duarte et al., 2014; Anttila et al, 2014; Heino et al, 2015].

Under FD, the interference situation in a multicell network is further complicated not
only by the residual SI but also the cross interference between the uplink and the down-
link transmissions. In the uplink, the additional interference includes the SI from the
same BS and the downlink interference from other BSs, which further degrades the QoS
of the ULUs. In the downlink, the QoS of the DLUs is adversely affected by the addi-
tional interference from the ULUs. Note that one of the most common figure-of-merit
for network QoS is the achievable data throughput. With these new forms of inter-
ference, it is not straightforward to extend the available signal precoding designs that
manage interference in the traditional half-duplexing (HD) networks [Ng and Huang,
2010; Shi et al., 2011; Wang et al., 2012; Song et al., 2007; Cai et al., 2012; Huang et al.,
2013] to the new FD settings. In the FD cases, both uplink and downlink throughput
functions jointly depend on the uplink and the downlink precoders. Most importantly,
FD destroys the computationally tractable structure of the throughput functions. For
instance, while the uplink throughput function can be made concave with respect to
the signal covariances of the ULUs in a single-cell network (e.g., by implementing the
successive interference cancellation receiver at the BS), it is not concave in the signal

covariances of the DLUs.

While guaranteeing a minimum QoS for all users is essential, it should be emphasized
that existing works for HD and FD MU-MIMO networks [Ng and Huang, 2010; Shi
et al., 2011; Wang et al., 2012; Song et al., 2007; Cai et al., 2012; Huang et al., 2013;
Huberman and Le-Ngoc, 2015; Nguyen et al., 2014; Xu and Wang, 2012] at best can
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only apply to the problem of total throughput maximization without rate constraints.
Such problem formulations generally result in an unfair allocation of the available radio
resources. Users with favorable link conditions get most of the throughput, whereas the
remaining users achieve low (or even zero) throughput. Unfortunately, any throughput
guarantee leads to the inherently difficult nonconvex throughput constraints. In this
case, even finding a feasible point is already a challenging task because the feasible set

is nonconvex and disconnected.

In this section, we consider a general MU-MIMO multicell network. The BSs are
equipped with multiple antennas and operate in the FD mode. There are two separate
groups of multi-antenna UEs in each cell—the ULUs and the DLUs—both operate in
the HD mode. In the uplink, the receiver of a BS suffers from (i) the uplink interference
from all ULUs in other cells, (ii) the downlink interference from other BSs, and (iii)
the SI from its own downlink transmission. In the downlink, the receiver of a DLU is
subject to (i) the downlink interference from all BSs including its serving BS and (ii)
the uplink interference from all ULUs in the same cell. Note that while we restrict to
the above cases for the clarity of analysis and presentation, our proposed approach in
this section can be straightforwardly extended to the case that the uplink interference

is generated by all ULUs in all cells.

Our objective is to develop jointly optimal linear precoders for both BSs and ULUs in
order to manage all the aforementioned types of interference. Specifically, we consider
the following two problems which aim to optimally and fairly share the radio resources

among the cells.

e Problem (P1): Maximizing the total network throughput subject to data rate
constraints at each cell. This problem involves a nonconvex objective function

and nonconvex constraints.

e Problem (P2): Maximizing the minimum throughput among all cells. The objec-

tive function of this problem is not only nonconvex but also nonsmooth.
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In (P1), it is difficult to even find a feasible point from the nonconvex feasible set.
In (P2), the nonsmoothness of the objective function presents an extra dimension of

technical difficulty.

To the authors’ best knowledge, existing works can only address some specific single-
cell cases of Problem (P1) without the nonconvex throughput constraints. Indeed, the
nonconvex constraints have never been effectively dealt with. Since the publication of
[Kha et al., 2012], it has been known that the uplink and downlink throughput func-
tions are d.c. (difference of two convex functions) [Tuy, 1998] in the signal covariance
variables. Their maximization over (convex) power constraints can thus be computa-
tionally solved by the so-called d.c. iteration (DCI) algorithm of [Kha et al., 2012].
Reference [Huberman and Le-Ngoc, 2015] follows the approach in [Kha et al., 2012] to
address the problem of power-constrained single-cell throughput maximization via the
signal covariance design. Reference [Nguyen et al., 2014] also considers the problem of
single-cell throughput maximization where downlink beamformers and uplink transmit
powers are jointly optimized. Here, the BS is equipped with multiple antennas whereas
each DLU/ULU only has a single antenna. The difficult nonconvex rank-one matrix
constraints on the outer products of the beamforming vectors are dropped to arrive at
a d.c. optimization formulation, for which DCI [Kha et al., 2012] can be applied. To
find a feasible rank-one matrix point from which the beamforming vector can be re-
covered, [Nguyen et al., 2014] resorts to the randomization techniques which are shown

inefficient by [Phan et al., 2012].

For the problems that we presently consider, the throughput functions are very com-
plicated in the precoding matrix variables, resulting in complex d.c. optimizations (see
[Kha et al., 2012; Che and Tuan, 2013b; Tam et al., 2013; Che and Tuan, 2014]). The
DCI algorithm of [Kha et al., 2012] may not be efficiently applied to Problem (P1) even
when there is no data rate constraint. Each iteration of the DCI algorithm involves a
difficult convex program—a challenge for existing convex solvers to efficiently compute

for optimal solutions. Optimizing the QoS via minimal cell throughput maximization
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in Problem (P2) is similarly difficult. We also note that the optimization of nons-
mooth and nonconvex objective functions such as that in Problem (P2) has never been

appropriately addressed in any previous works.

The aim of this chpater is to develop novel solutions that directly tackle the noncon-
vexity of the formulated problems. Specifically, we solve both problems (P1) and (P2)
by successive convex quadratic programming (SCQP), where each iteration (referred to
as QPI) involves a simple convex quadratic program. Once initialized from a feasible
point, the proposed SCQP algorithms generate a sequence of feasible and improved
points, which monotonically converges to an optimum of (P1) or (P2). Moreover, the
QPIT admits a closed-form optimal solution when the rate constraints in (P1) are not

required.

While successive convex programming is a natural approach to solving nonconvex op-
timization problems (see, e.g., [Marks and Wright, 1978]), it does not quite instruct
how to develop the specific algorithms to resolve the problems at hand. In this sec-
tion, we specifically construct the SCQP algorithms to serve as a new computationally
tractable framework for many difficult nonconvex interference management problems in
both HD and FD network settings. Therefore, our SCQP approach is novel even from
the optimization-theoretical perspective. The proposed algorithms lend themselves to
practical solutions for large-scale MU-MIMO networks. The complexity per iteration
is low since only one simple quadratic program needs to be solved. Here we completely
avoid the log det operation, a major bottleneck for fast computation in the available
commercial convex solvers. Furthermore, the devised algorithms do not face any con-
vergence issue at all. Given any initial feasible point, our path-following algorithms are

guaranteed to always converge to an optimal solution.

The rest of this section is organized as follows: Section 4.1.2 presents the system model
and formulates the QoS management problems. Section 4.1.3 proposes the SCQP ap-
proach to solve problem (P1). Section 4.1.4 extends the proposed SCQP framework to
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solve problem (P2). Section 4.1.5 evaluates the performance of our devised solutions

by numerical examples. Finally, Section 4.1.6 concludes the section.

4.1.2 System Model and Optimization Problem Formulations

/\ Base station
B DLW
® uULU

Figure 4.1: Interference scenario in an FD multicell network, where SI denotes the
self-interference and ITI; denotes the interference from the BS and ULUs of cell 7.

We consider an MU-MIMO network consisting of I cells. As illustrated in Fig. 4.1,
the BS of cell i € {1,...,I} serves a group of D DLUs in the downlink (DL) channel
and a group of U ULUs in uplink (UL) channel. Each BS operates in the FD mode
and is equipped with N £ N; + N, antennas, where N; antennas are used to transmit
and the remaining N, antennas to receive signals. In cell ¢, DLU (i, jp) and ULU
(i, ju) operate in the HD mode and each is equipped with N, antennas. In the DL,
let a complex-valued vector s, ;, € C* denote the symbols intended for DLU (i, jp),

where E [SmD (8i0)" } = 1y, dy is the number of concurrent data streams and d; <

min{ Ny, N,.}. We also denote the complex-valued precoding matrix for DLU (i, jp) as
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V., € CM>d1 Similarly, in the UL, let s; ;, € C® denote the symbols sent by ULU
(i, ju), where E [s;,(si5,)"] = I4,, do is the number of concurrent data streams and

dy < min{ Ny, N,}. The precoding matrix of ULU (4, jy) is denoted as V;

Ny xd
l’jU C " 2'

For notational convenience, let us define

T2{1,2,....,1}; D={lp,2p,...,Dp}; U={1y,2y,...,Uy};
81 £ 7 x D; SQ £ 7 x Z/[; Vv £ [Vi,j](i,j)€S1U52'

In the DL channel, the received signal at DLU (i, jp) is expressed as:

Yijgo = Hl Z,JDVl 7o Si,jp + § : Hm,i,jDVm,fDSmaeo + § : Hi)iD)ZUViueU Si,ey +ni7jD7
—_—

desired signal £m7£0)681\(i7jD) Ly )
N VvV

DL interference UL intracell interference

(4.1)

where H,,; j, € CN*M and H, ;4 € CY** are the channel matrices from BS m to
DLU (i, jp) and from ULU (i, fy) to DLU (¢, jp), respectively. Also, n; j, is the additive
white circularly symmetric complex Gaussian noise with variance o3. The DLU decodes
its own message while treating all other messages as noise. The downlink throughput

at DLU (4, jp) is then given as:

fi,jo( é ‘IN’I‘ + L; JD( JD)Lzb;D( »JD)\IjileD (V” ) (4‘2>

where

Lijo(Vijo) £ Hiijo Vo (4.3)
which means that
‘Ci’jD( Jo)ﬁzHJD( ’]D) HM,JDV JDVzthHz i,9p7 (4'4>

and

‘ljiij (V) é Z Hmaly]DVm KDVm b H7’]T;IZZ ,JD + Z H'L sip0y VZ ZU‘/Z Ly HZ ,iD,0u + O-D‘[Nr' .
(m£p)eS1\(4,Jp) Lyeu

(4.5)
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In the UL channel, the received signal at BS 7 is expressed as

E § § ST §
Hzfu ZVZEUSZZU + HmEU, mZUSmZU H VZZDSZKD

LyeUu meZ\{i }fu€u IpEeD
deswed signal UL mt;;‘erence re5|dual Sl
B
+ Z Hm,i Z V’m,josm,SD +ny, (46)
meZ\{i} Jjp€D

DL intercell interference

where Hy, g, € CN*N and HE ; € CN»*M are the channel matrices from ULU (m, )
to BS 7 and from BS m to BS i, respectively; n; is the additive white circularly symmet-
ric complex Gaussian noise with variance o3; H?Z € CN2*M g the residual self-loop
channel from the transmit antennas to the receive antennas at BS i after all real-time
cancelation in both analog and digital domains [Duarte et al., 2012, 2014]; §; 4, is the
additive Gaussian noise with E [3; ;,(5;,)] = 0%;14, that models the effect of analog
circuit non-ideality and the limited dynamic range of the analog-to-digital converter
(ADC) [Korpi et al, 2014; Sabharwal et al, 2014; Duarte et al., 2012; Anttila et al,
2014]; and the SI level 0%, is the ratio of the average SI powers before and after the
SI cancelation process. Upon applying the Minimum mean square error - Successive
interference cancellation (MMSE-SIC) decoder, the achievable uplink throughput at BS

i is given as [Tse and Viswanath, 2005]

filV) £ In | Iy, + Li(Vui) L (Vi) 27 (V)] (4.7)
where V; £ (Vie,)oyeu and
Li(VU) 2 | iy Visy HiggiVizys - HuiViey | (4.8)
which means that
Li(Vu) LE (Vi) = Z HiiViey Vi, HE (4.9)
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and

V2 YN oy Ve VI HE 4 03 (z vzeDvMD) Ty

meT\{i} byl lpeD

Z Hﬁ,z (va,jo mJD> (HTZ)SH) +GL2JIN2' (410)

meT\{i} Jo€D

In this section, we consider two precoding design problems for QoS management in the
MU-MIMO FD multicell network. The first problem is the following QoS-constrained

sum throughput maximization:

max Pi(V) £ Z fijio (V) + ZfZ s.t. (4.11a)

(4,Jp)ES1 €L
D (Vi Vi) S B i€ T (Vi Vi) < P (i u) € Se, (4.11b)
Jjo€D
fi,jD(V) Z T‘gljiél, (Z,]D) c 81, fz(V) Z rzu,min’ 1€ 1. (411C>

The objective function in (4.11a) is nonconcave. The convex constraints (4.11b) specify

the maximum transmit power available at the BSs and the ULUs. The highly nonconvex

nun U mln

constraints (4.11c) represent the QoS guarantee, where i and 7 are the minimum
data rates required by DLU (i, jp) and BS i, respectively. It should be emphasized that
the approach in this section also works for the sum downlink throughput constraints
of all DLUs in a cell and the uplink throughput constraints of individual ULUs. For

clarity of presentation, we do not include those constraints here.

The second problem of interest is the following QoS maximin problem:

max P2(V) = min LZ fiion(V) =+ fi( )] st (4.11b), (4.12)

i€L
p€D

where the minimal cell throughput is maximized. This problem has a nonconcave and

nonsmooth objective function and is subject to convex power constraints.

As in all previous works on precoding and interference suppression in multi-cell MIMO

cooperative networks (see, e.g., [Ng and Huang, 2010; Shi et al., 2011; Wang et al.,
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2012; Song et al., 2007; Cai et al., 2012; Huang et al., 2013; Huberman and Le-Ngoc,
2015; Nguyen et al., 2014, 2013| and references therein), the conventional assumption
here is that full channel state information (CSI) is available to a central processing site
[Gesbert et al., 2010; Lee, Kim, Lee, Ng, Mazzarese, Liu, Xiao and Zhou, 2012], which
solves the optimization of problems (4.11) and (4.12) in coordinating the network trans-
mission. This assumption is practical if there are high-performing channel estimation
mechanisms in place and a central processing unit available to collect and disseminate
the relevant CSI. More importantly, the full CSI assumption together with our pro-
posed optimal algorithms helps provide the best performance that can be achieved by
FD MIMO precoding. Such benchmark performance is crucial in evaluating the poten-
tial of FD systems and future technical developments such as robust schemes against

the imperfect channel estimation and distributed implementations.

Remark 4.1. Upon introducing the new variable
W, ; £V, VI =0, (4.13)

which must satisfy the following rank constraints
rank(WmD) S dl; rank(Wiij) S dg, (414)

it is seen that (4.5) and (4.10) are linear in W £ [W, ] ijesius,- Accordingly, the

throughput expressions (4.2) and (4.7) are d.c. functions in W.

If we further assume that W, ; is the covariance of the signal s; ;, the rank constraints
(4.14) are dropped. In the new variable W and without (4.14), problems (4.11) and
(4.12) are reduced to the special case of covariance design. Such simplified problems
belong to the class of d.c. programming [Kha et al., 2012], and their solutions provide
the upper bounds to the original problems (4.11) and (4.12). The works of [Huberman
and Le-Ngoc, 2015] and [Nguyen et al., 2014] use the DCI technique in [Kha et al.,
2012] to address the single-cell sum throughput maximization similar to (4.11), albeit

by covariance design and without rate constraints. Even with these simplifications,
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each iteration of DCI still involves a mixed semidefinite log det optimization problem,
which is convex but cannot be efficiently solved by existing convex solvers. Reference
[Nguyen et al., 2013] also employs DCI [Kha et al., 2012] to tackle a similar single-cell
sum throughput maximization problem without rate constraints. Yet to facilitate their
solution, [Nguyen et al., 2013] ignores the UL interference and requires other strict

conditions of interference alignment for the DL interference cancelation.

In what follows, we will solve (4.11) and (4.12) via a sequence of convex quadratic
programs in V; hence, constraints (4.14) will be automatically satisfied. The approach
developed here applies to a general multicell network setting with QoS constraints and it
treats the covariance design as a special case, even bypassing the semidefinite constraint

(4.13).

4.1.3 QoS-Constrained Sum Throughput Maximization

Considering the sum throughput maximization problem (4.11), the key difficulty is how
to handle the highly nonconcave functions f; ;, (V) and f;(V) there. First, using the
identity In |I + AB™Y = —In|l — A(A+ B)™!|, V A= 0, B = 0, we rewrite f;;,(V) in
(4.2) and f;(V) in (4.7) as:

fiio(V) = =In|In, — Lijo (Vi) LI (Vi )M (V)] (4.15)
fi(V) = —In|Iy, — Li(Vu) LI (Vo) M (V)] (4.16)
where
Mo (V) £ L jo (Vi) LI (Vigo) + ij (V) (4.17)
=0, 5 (V), (4.18)
Mi(V) 2 L(Vo) £ (Vo) + U (V) (4.19)
- U(V,), (4.20)

which are concretized by (3.1) and (3.2) in Appendix C.
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At V0 £ [‘/i’(;)](i,j)eslugw we define the following quadratic functions in V:

O (V) 2 [ (V) 2Re { (W71 (V) L4530 (VI Lo (Vi) = Liio (V) }
— (UL (V) = ML (V) M0 (V) = My (VD)) (4.21)

017(V) 2 f(V) +2Re (17 (V) L(VED), £:(Vu) — L)) }

— (U V) — ML VY, M(V) — M;(VR)), (4.22)

K3 K3

which are also concretized by (3.3) and (3.6) in Appendix C. It follows from (4.18)
and (4.20) that
1 (1/(x —1 (1/(x
‘Iji,jD(V( )) — M.’ .D(V( )) -
UL V) — MY (VW)

(2 K

in (4.21) and (4.22). Therefore, the functions @E';)D (V) and ©(V) are concave.

The following result shows that the highly nonlinear and nonconcave functions f; ;, (-)
and f;(+) in problem (4.11) can be globally and locally approximated by concave quadratic

functions.

Theorem 4.1. [t is true that

Foi (V) =00 (VW) and  fi (V) >0 (V) ¥V, (4.23)
LV =W ™) and f(V) >0 (V) vV V. (4.24)
Proof. See Appendix D. |

We now address the nonconvex problem (4.11) by successively solving the following

convex quadratic program (QP):

K) N (k) (k) .
max Py7(V) £ Yo oer(vV)+> e (vl (411), (4.25a)
(4,Jp)ES1 €T
O (V) > (i jp) € Si; O(V) > ™™ e (4.25b)

Note that (4.25) involves n = 2(Nyd1ID + N,d>1U) scalar real decision variables and
m = ID+2I +IU quadratic constraints so its computational complexity is O(n?m?*° +

m3.5)_
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Proposition 4.1. Let V%) be a feasible point to (4.11). The optimal solution V=+1)
of convex program (4.25) is feasible to the nonconver program (4.11) and it is better
than V) i.e.,

PV ERDY > Py (V). (4.26)
Consequently, once initialized from a feasible point V) to (4.11), the k-th QP iteration
(4.25) generates a sequence {V ™} of feasible and improved points toward the nonconvex
program (4.11), which converges to an optimal solution of (4.11). Under the stopping
criterion

|(Pr (VD) — Py (V) P (V)| < e

for a given tolerance € > 0, the QP iterations will terminate after finitely many itera-

tions.

Proof. See Appendix E. [ |

Algorithm 3 Proposed SCQP for QoS-constrained sum throughput maximization

Initialization: Set k := 0, and choose a feasible point V) that satisfies (4.11b)-
(4.11c).

K-th iteration: Solve (4.25) for an optimal solution V* and set k := x+ 1, V(¥ := V*
and calculate Py(V(®). Stop if [(Py (V") — P (VED)) /Py (VED)| <.

The proposed SCQP that solves problem (4.11) is summarized in Algorithm 3. It should
be emphasized that finding a feasible initial point V(°) to meet nonconvex throughput

constraint (4.11c) is difficult. To this end, let us consider the following problem:

. (V (V
max P5(V) £ min f”fn(m ),fzu(miz © (4.110). (4.27)
Vv (i.jp)€S1 Ti o .

It is observed that problems (4.27) and (4.12) have a similar form. Therefore, they can

be solved by Algorithm 4 developed in the next section, which terminates as soon as

Figo (V) /rmin > 1 and (V) /rd™™ > 1 V(i jp) € Sy. (4.28)

iajD
The found solution V) is feasible to (4.11c) and thus is used as the initial solution

V() in Algorithm 3.
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In the absence of QoS constraints (4.11c), QP (4.25) can be further decomposed into 1

convex quadratic subprograms in the DL precoders Vp, £ (Viigs---, Vipy) as:
K H
| S 2me {0 Vi = S (Vi B (Vi)
Vi o€P | I €D (m, eD)esl
H K
USI Z ZJD Fi ZJD Z Z ’LJD g( ) mjD>
Jjp€D meZ\{i} jpED

DoVl < PRg, (4.29)

Jjp€D
and [ convex quadratic subprograms in the UL precoders Vy; = (V;1,,-.., Viy,) as:
(k) H 5(k) A
Vﬂ@FZ%ﬁW%ZM D D (Vi) () Vi)
LyeU Jp€ED LyeU

= > AVa)TER () Vi) | 2 D (Vi < P (4.30)

(m,éu)GSz JueU
Here, all matrices in (4.29) and (4.30) are defined by (3.4), (3.5) and (3.7) in Ap-
pendix C.

If we define

(i,jp)ES1 meZ\{i}
the closed-form optimal solution of (4.29) is derived from the Karush-Kuhn-Tucker
(KKT) conditions as:

() (“) -1 max
o [ @) A 0 S e <
‘/Z]D Jo€D (432)
<R£'§)D + tijo N, ) AE?D, otherwise

2

-1
where p; j, > 0 is chosen such that Z ( 12 + i jp L Nr> Af';?) — pmex,

Jp€D

Similarly, if we define

MU Zcm )+Zégf><i,eu), (4.33)

JpED meL
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the closed-form optimal solution of (4.30) is derived from the KKT conditions as:
-1 2
. (QZEU) Dl(“) u , if Z H zéu u) < P[rjngx
Vit = (4.34)
1,8y
(Qz o T Mi,EUIN2> D,(K) (¢,), otherwise

2

where f1; ¢, > 0 is chosen such that Z H ; éu + pioyIn,)” Dg”) (0,)|| = PFg~.

lyeUd

4.1.4 Maximization of Minimum Cell Throughput

Initialized by a feasible point V(©) to (4.12), an iterative point V1 for x = 0,1, ... is
generated as the optimal solution of the following convex quadratic maximin problem:
A (%) .
max PV & min LZ o) (V) + e (V)| : (4.110), (4.35)
p€ED
under the definitions (4.21)/(3.3) and (4.22)/(3.6) of ©{") (V) and ©{” (V). Problem

(4.35) involves n = 2(N1diID + N,dyIU) + 1 scalar real decision variables and m =

ID+31+IU quadratic constraints, so its computational complexity is O(n*m?*5+m3?).

By Theorem 4.1, program (4.35) is a minorant maximization of the maximin problem
(4.12). Each incumbent V) of (4.35) is feasible to (4.12). Therefore, analogously to
Proposition 4.1 the following result holds.

Proposition 4.2. Let V) be a feasible point to (4.12). The optimal solution VY of
conver quadratic mazimin problem (4.35) is feasible to the nonconvexr program (4.12)

and is better than V" i.e.,
Py(VEHD) > Py (V) (4.36)

Consequently, initialized from a feasible point (V0) of (4.12), the k-th QP iteration
(4.35) generates a sequence {V "™} of feasible and improved points toward the nonconvex
program. (4.12), which converges to an optimal solution of (4.12). Under the stopping

criterion

|(Po(VETD) — Py(VIR)) P (V)| < €
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for a given tolerance € > 0, the QP iterations will terminate after finitely many itera-

tions.

Algorithm 4 Proposed SCQP for minimum cell throughput maximization

Initialization: Set k := 0, and choose a feasible point V(©) that satisfies (4.11b).
k-th iteration: Solve (4.35) for an optimal solution V* and set /<c =r+1, VW =V~
and calculate Py (V™). Stop if [(Pa(VHW) — Po(VED)) /P (VD) <.

The SCQP that solves problem (4.12) is summarized in Algorithm 4. Recall that
because problem (4.11) has nonconvex constraints, finding an initial feasible point V()
to (4.11) is not straightforward at all. In contrast, problem (4.12) has simple convex
constraints and its feasible point can be easily determined for use in Algorithm 4. The
initial equi-power points V;(]Og = \/P]ggaX/NldlIDlledl and VZ(SJ = \/Wlerdz

are used in our numerical examples.

Remark 4.2. The DL throughput can be improved by dirty-paper coding (DPC)
[Costa, 1983] in the DL channel. As such, the throughput f;;, in (4.2) will be im-

proved to
fiJD (V) = In ‘]N'r + HZZ]DV'L JD\[”fE;D]{ZlLJi JD\i[i_,le (V) ’ (437>
where
\Iliij (V) - ’LJD Z 1,%,JD leDV{{ZDHZI{ljD
l=75+1
=W, (V). (4.38)

In this case, it is straightforward to adjust Algorithms 3 and 4 to solve problems (4.11)
and (4.12) with f;;, replaced by fi,jo- Implementation of DPC requires significant
complexity at both transmitter and receiver and there are no practical dirty paper codes
close to the capacity limit [Erez and ten Brink, 2005]. Coordinated linear precoding
as considered above is a low complexity, which is able to transmit the same number of

data streams as a DPC-based system and thus achieves the same multiplexing gain as

DPC.
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Remark 4.3. The FD BSs can be reconfigured to operate in the HD mode. Here, all
antennas N = N; + N, at each BS are used to serve all the DLUs in the downlink
and all the ULUs in the uplink, albeit in two separate resource blocks (e.g., time or
frequency). Suppose the achieved sum throughput for the downlink and the uplink are
rp and ry, respectively. The effective HD throughput per resource block is calculated
as rgp = %(TD +7y). In this case, the proposed Algorithm 3 also provides a new
computational solution that achieves rp and ry. In the next section, we will compare

the sum throughput performance under the FD mode with the optimized ryp.

4.1.5 Numerical Results

Table 4.1: Simulation parameters used in all numerical examples

Parameter Value
Carrier frequency 2GHz
System bandwidth 10MHz
Maximum BS transmit power, Pgg™ 26dBm
Maximum user transmit power, Pjg* 23dBm
Noise power density —174dBm/Hz
Noise figure at a DLU receiver 9dB
Noise figure at a BS receiver 5dB

We use numerical examples to evaluate the performance of our proposed SCQP al-
gorithms. As will be described later, we consider several network scenarios to study
different aspects of the proposed algorithms. In all the considered scenarios, we gener-
ate the channel matrix between a BS and a user at a distance d according to the path
loss model for line-of-sight (LOS) communications as 10~ F220s/20f Here, PLog =
103.8 + 20.91og,, d and each entry of H is an independent circularly-symmetric Gaus-
sian random variable with zero mean and unit variance (denoted as CN(0,1)) [3GPP
TS 36.814 V9.0.0, 2010]. We assume that the channel matrix from a ULU to a DLU at
a distance d follows the non-line-of-sight (NLOS) path loss model as 10~"£~veos/ 2007,
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where PLypos = 145.4 4+ 37.51og,,d [3GPP TS 36.814 V9.0.0, 2010]. We also model
the residual self-loop channel HSZ as a complex Gaussian matrix random variable with
mean /K /(K + 1)Hg; and covariance (1/(K + 1)) In,n,, where K is the Rician factor,

Hgy is a deterministic matrix. For simplicity, we assume K =1 and Hs; = 1n,xn;, -

Unless stated otherwise, the number of transmit antennas and the number of receive
antennas at a BS are set as Ny = 4 and Ny = 2, respectively. Except simulation
scenario 4, we assume the numbers of concurrent downlink and uplink data streams are
equal to the number of antennas at a DLU/ULU, i.e., d; = do = N,. In other words,
the precoding matrices V; ;; and V, ;, in (4.1) and (4.6) are of dimension N; x N, and
N, x N,, respectively. To arrive at the final figures, we run each simulation 100 times
and average the result. For the ease of reference, we list in Table 4.1 other 3GPP LTE
network parameters that we use in all simulations [3GPP TS 36.814 V9.0.0, 2010].

4.1.5.1 Simulation Scenario 1

In this simulation study, we consider the sum throughput maximization problem (4.11a)-
(4.11b) (i.e., problem (4.11) without the rate constraint (4.11c)) so that the closed-form
solutions in (4.32) and (4.34) apply. We use the example network in Fig. 4.2 to study
the sum throughput performance of Algorithm 3 in the presence of SI. By considering
a single-cell network with fixed-location users, we can focus on the effect of SI while

isolating those of the intracell and intercell interferences.

For both N, = 1 and N, = 2, Fig. 4.3 shows that the performance of the proposed
Algorithm 3 almost coincides with its upper bound, which is the result of solving
(4.11) (without the rate constraint (4.11c)) in the rank-free covariance variables W ;
[see (4.13)]. This observation is significant because it means that our QPI solution
approaches the global optimum of problem (4.11a)-(4.11b) over all the considered SI
values. As mentioned at the end of Section 4.1.3, this ‘upper bound’ problem has

been addressed in [Huberman and Le-Ngoc, 2015] by using the DCI algorithm of [Kha
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Figure 4.2: Scenario 1: A single-cell network with 2 DLUs and 2 ULUs. The user
locations are fixed.

et al.,, 2012].  The specific case of N, = 1 corresponds to the joint design of uplink
power allocation at ULUs and BS downlink beamforming towards DLUs, which has
been studied in [Nguyen et al., 2014] by using the DCI algorithm of [Kha et al., 2012]
to solve (4.11) (without the rate constraint (4.11c)) in the rank-free covariance variables
W, ;, and scalar variables W, ;, and then by employing randomization techniques to

find rank-one W, ;, for satisfying (4.14).  Fig. 4.3(a) shows that our QPI solution

4,JD

handles the SI much better than that by [Nguyen et al., 2014]. An improvement of

almost 4 bps/Hz is achieved in the practical range of o%; > —80dB.

Fig. 4.4 further illustrates how Algorithm 3 distributes the total throughput into the
downlink and uplink channels. An important observation is that when the ratio %,
increases, the BS consistently decreases the throughput in the downlink so as to re-
duce the effect of SI to the uplink channel. Because the improvement in the uplink

throughput sufficiently compensates the reduction in the downlink throughput, the
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Figure 4.3: Effect of SI on the sum throughput performance of Algorithm 3.

overall FD throughput still outperforms the average HD throughput. As presented in
Fig. 4.3, although the achieved FD sum throughput does not double the effective HD
sum throughput, significant gains of up to 60% and 40% are offered by Algorithm 3 for
N, =1 and N, = 2, respectively. When the residual SI becomes the dominant inter-
ference in (4.6), we have found that the BS optimal precoder matrices V, 4, effectively
null out such SI. This explains why the performance of FD appears insensitive to the

increase of 0%, when 0%, is greater than —100dB for N, =1 and —90dB for N, = 2.

On the other hand, whenever the entries of the self-loop channel HST in (4.6) are
treated as independent circularly symmetric complex Gaussian random variables with

zero mean and unit variance, the residual SI in (4.10) becomes

o%E {Hff (Z V,-,gvazD> (HfI)H} = a§1< > VZ»,EDV{;;D>INT.

{peD tpeD
Such residual SI only depends on the BS transmit power and it cannot be mitigated by
precoder matrices V4. To avoid channel deactivation due to excessive SI 0%, in the
simulation we impose the uplink and downlink QoS constraints as f;(V) > 5bps/Hz
and > fi (V) > 5bps/Hz, respectively. For the network configuration in Fig. 4.2
where N, = 2, d; = dy = 1, Fig. 4.5(a) shows that the FD sum throughput is always
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Figure 4.4: Effect of SI on the DL and UL throughput performance of Algorithm 3.

degraded as o%; increases. Still, whenever o2, < —120dB it is higher than the HD sum
throughput. Fig. 4.5(b) further shows that the FD DL throughput is on the decreasing
trend when 0%, < —110dB so as to avoid the excessive SI toward the UL receiver. After

o%; = —110dB, it levels off due to the imposed downlink QoS constraint.

4.1.5.2 Simulation Scenario 2

In this simulation study, we use the example network in Fig. 4.6 to study the sum
throughput performance of Algorithm 3 in problem (4.11a)-(4.11b) when the intracell
interference changes. Here, we fix 0%; = —80dB and use a single-cell network to isolate
the effects of SI and intercell interference. To vary the intracell interference, we fix
the location of the DLU at a point B and change the location of the ULU. For each
position of the ULU at a point A on the circle of radius of 90m, we find the corresponding
throughput. Because we keep the small-scale fading parameter unchanged, a small angle
AOB in Fig. 4.6 means a small path loss and accordingly a large intracell interference

level.
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Figure 4.5: Effect of SI on the network throughput when SI is treated as white noise.

The results in Fig. 4.7 confirm that the proposed Algorithm 3 approaches the upper
bound in all the cases that we consider. For N, = 1, our proposed solution also
outperforms the solution of [Nguyen et al., 2014] by around 1 bps/Hz as shown in
Fig. 4.7(a). It can also be observed from Fig. 4.7 that the FD transmission is always
more beneficial than the HD counterpart if the intracell interference is sufficiently small.
The most pronounced FD throughput gains of 75% and 65% are respectively achieved
by Algorithm 3 for N, =1 and N, = 2 when the ULU-DLU distance is maximum (i.e.,

AOB = 7), in which case the intracell interference is smallest.

4.1.5.3 Simulation Scenario 3

In this simulation study, we compare the throughput performance of Algorithm 3 in
problem (4.11a)-(4.11b) with that of Algorithm 4 in problem (4.12). Since a multicell
network is required in this case to realize the max-min solution in (4.12), we use the
3-cell network in Fig. 4.8. In each cell, we fix the positions of the ULU and the DLU
at a distance of 2r/3 = 66.67m and r/2 = 50m from their serving BS, respectively.
In terms of sum throughput, Fig. 4.9(a) shows that Algorithm 3 always outperforms
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Figure 4.6: Scenario 2: A single-cell network with one DLU and one ULU. The DLU
location is fixed at a point B, whereas the ULU is located at any point A on the circle
of radius of 90m.

Algorithm 4 by at least 5 bps/Hz. This is because Algorithm 3 is specifically designed
to maximize total network throughput. In doing so, it however allocates the available
radio resources to the cells with favorable link conditions, leaving the remaining cells
with a much lower throughput. From Table 4.2, the number of instances that a DLU in
the downlink or a BS in the uplink receives a zero data rate can be as high as 100 over
100 simulation runs. The max-min fairness Algorithm 4 resolves this issue, albeit at
the cost of a reduced total network throughput. Fig. 4.9(b) confirms that Algorithm 4

improves the throughput of the cell with the worst link conditions by up to 5 bps/Hz.

Table 4.2: The number of times that at least a DLU or a BS receives a zero data rate
in 100 simulation runs

02,(dB) | =130 | =110 | —90 | —70
d=1 | 96 | 98 | 100 | 100
d=2 | 33 | 42 | 44 | 72
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Figure 4.7: Effect of ULU-DLU distance (hence, intracell interference) on the sum
throughput performance of Algorithm 3.

4.1.5.4 Simulation Scenario 4

In this simulation study, we evaluate the performance of Algorithm 3 for the rate-
constraint problem (4.11a)-(4.11c) where the closed-form solutions in (4.32) and (4.34)
no longer apply. Here we examine the impacts of the required minimum rates and the
number of cells on the throughput performance. To this end, we fix the total number
of users as 12 and consider one-cell, two-cell and three-cell networks. By (I, D,U), we
mean there are [ cells with radius of 100m in the network, each of which has D DLUs
and U ULUs randomly placed according to the uniform distribution within the cell
area. Fig. 4.10 presents a realization of such random user deployments. For simplicity,
we set dy =dy =1, N, = 2 and a?gj = —80dB. In this case, the precoding matrices V, j,
and V; ;, in (4.1) and (4.6) reduce to beamforming vectors of dimension N; and 2, re-
spectively. To the best of our knowledge, such FD beamforming optimization problems
have not been previously addressed. The approaches in [Nguyen et al., 2014; Che and
Tuan, 2014] do not apply because the rank of their optimal covariance matrices is often
two while a rank-one solution is strictly required here. To find the sum throughput

subject to the rate constraints, we initialize Algorithm 3 with the optimal solution of
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Figure 4.8: Scenario 3: A three-cell network with 1 DLU and 1 ULU. The cell radius
is 7 = 100m and the user locations are fixed.

the maximin problem (4.27).

To ensure the feasibility of problem (4.11a)-(4.11c), we first set the minimum rates

min __

according to rj’" = riU omin JU = Q Tmax.min, Where a € (0,1) and 7max min 1S the optimal
value of problem (4.27) given by Algorithm 4. As seen from Fig. 4.11, to achieve
a higher minimum rate, both the total throughput and the per-cell throughput by
Algorithm 3 drop since the feasible set gets more restricted. It is also clear from
Fig. 4.11(a) that by deploying more cells to serve the same number of users, a higher
total throughput is achieved because the network load per cell is reduced. However,

the per-cell throughput of such multicell deployment can be compromised due to the

growing intercell interference, as evident from Fig. 4.11(b).
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Figure 4.9: Comparing the throughput performance of Algorithms 3 and 4.

Finally, we demonstrate the convergence behavior of the proposed algorithms in Fig. 4.12,
where the error tolerance for convergence is set as € = 1073, Fig. 4.12(a) plots the con-
vergence of Algorithm 3 that solves problem (4.11) for o = 0.8, whereas Fig. 4.12(b) is
for Algorithm 4 that solves problem (4.27). It is observed that the proposed algorithms
monotonically improve the objective value after every iteration. Fig. 4.12 also confirms
that at least 95% of the final optimal throughput value is reached within 20 iterations.
Furthermore, Table 4.3 shows that while the convergence typically occurs well within
50 iterations, it can be as few as 15 iterations on average in one case. Note also that the
per-iteration computational complexity of our algorithms is low. Each iteration only
involves one simple convex QP, which is solved very efficiently by any available convex
solvers. In all the simulations, we resort to CVX, a package for specifying and solving

convex programs [Grant and Boyd, 2014].

Table 4.3: The average number of iterations required by Algorithms 3 and 4

(I,D,U) (1,6,6) | (2,3,3) | (3,2,2)
Algorithm 3 || 24.77 31.66 37.90
Algorithm 4 || 14.60 45.40 45.90
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(a) (I, D,U) = (1,6,6) (b) (I, D,U) = (2,3,3)

(¢) (I,D,U) = (3,2,2)

Figure 4.10: Scenario 4: Three cellular network topologies that serve 12 users in total.
The cell radius is » = 100m and the users are placed randomly according to the uniform
distribution.

4.1.6 Conclusions

In this section, we have designed new linear precoders for large-scale MIMO multicell
networks, in which FD BSs simultaneously transmit to and receive from their HD users.
Specifically, we have considered two difficult nonconvex optimization problems: (i) sum
throughput maximization under rate constraints and (ii) maximization of minimum cell
throughput. We have proposed iterative low-complexity SCQP algorithms that require
solving only one simple convex quadratic program at each iteration. We have proved
that our path-following algorithms are guaranteed to monotonically converge to at least
a local optimum. Simulation results have been presented in various network scenarios

to demonstrate the advantages of our proposed SCQP solutions.
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Figure 4.11: Impact of the required minimum rates and the number of cells on through-
put performance of Algorithm 3.

4.2 Precoding Design for Han-Kobayashi’s Signal Splitting in

MIMO Interference Networks

4.2.1 Introduction

The interference management problem in the FD MU-MIMO multicell networks has
been investigated in the previous section. Based on the assumption that interference
is treated as white noise, the optimal precoding matrices designs has been proposed to
mitigate the interference and maximize the network utilities. Nevertheless, the network
performance based on this assumption will be significantly degraded if the interference
power is much larger than the power of desired signal (e.g. the interference source is too
close to the receiver). This section will investigate a H-K transmission strategy [Han
and Kobayashi, 1981] in which the most impactful interferer’s signal can be decoded
and then subtracted from the received signal to reduce the generated interference. The

algorithms to design optimal precoding matrices in the previous section will be adapted
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Figure 4.12: Convergence of Algorithms 3 and 4 for e = 1073 and o = 0.8.

for the designs under H-K transmission. To facilitate the analysis, this section only

considers HD transmission.

In literature, if the residual interference is treated as noise, the network capacity is
achieved only at low interference regime (see [Annapureddy and Veeravalli, 2011] and
references therein) for a general multi-user interference network (IN) or at certain suffi-
cient conditions in terms of matrix equations for two-user INs [Shang and Poor, 2013].
For a two-user two-cell IN (i.e., one user per cell), the H-K strategy [Han and Kobayashi,
1981] is known to give the best achievable rate region [Etkin et al., 2008; Karmakar and
Varanasi, 2013]. With the H-K strategy, the transmitted data information of both users
is split into two parts: a private message to be decoded at the intended receiver and a
common message that can be decoded at both receivers. A part of the interference is
thus cancelled off by decoding the common message, while the remaining private mes-
sage from the other user is treated as noise. Accordingly, it is challenging to perform
constructive optimization over such an achievable rate region to realize the potential of

H-K strategy [Shang et al., 2006; Etkin et al., 2008].

Jointly beamforming common and private messages to maximize the achievable rate

87



4.2 Precoding Design for Han-Kobayashi’s Signal Splitting in MIMO
Interference Networks

across MU-MISO INs is first considered in [Dahrouj and Yu, 2011]. At discrete points
of the joint space of common and private rates, an ad-hoc intensive search is carried
by rank-one constrained SDP for the beamformer vectors. Still, the optimal rate is
not achieved. Furthermore, the search proposed by [Dahrouj and Yu, 2011] is not
suitable for the problem of sum-rate maximization, which is a more popular metric for
INs. Inspired by [Dahrouj and Yu, 2011], the works of [Che and Tuan, 2013a; Che
et al., 2015] design covariance matrices of the common and private messages in MU-
MIMO multicell INs and beamformers for such messages in MU-MISO multicell INs to

maximize either the sum-rate or the achievable rate across the networks.

This section aims to find optimal precoder matrices for the common and private mes-
sages of independent data streams. The objective is to maximize the sum-rate of an
MU-MIMO multicell network. The available solution approaches are not applicable,
e.g., [Christensen et al., 2008] for coordinated precoding private messages only and
[Che et al., 2015; Che and Tuan, 2013a| for covariance design. We propose a successive
optimization algorithm in which each iteration only solves a simple convex quadratic
program of low computational complexity. Once initialized from a feasible point, our
algorithm generates a sequence of monotonically improved points, which eventually
converge to at least a local maximum of the formulated nonconvex and nonsmooth

problem.

The rest of this section is organized as follows: Section 4.2.2 presents the system model
and formulates the precoder design problem. Section 4.2.3 proposes the successive
quadratic programming algorithm for solution. Section 4.2.4 verifies the advantages of

our devised solution by numerical examples.

4.2.2 System Model and Problem Formulation

Consider the downlink transmissions in a network consisting of N cells, where the base

station (BS) of each cell is equipped with IV, antennas and it serves K UEs within its
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cell. Bach UE is equipped with N, antennas. Upon denoting Z £ {1,2,..., N} and
J 2 {1,2,...,K}, the j-th UE in the i-th cell is referred as UE (i,7) € S = T x J.
Signals are precoded at the BSs prior to transmitting to the UEs. To implement the
H-K strategy, where each user decodes the common message of at most one other user,
we follow [Dahrouj and Yu, 2011; Che et al., 2015] and introduce the pairing operator
a(i, 7) to specify which other UE, beside UE (i, j) itself, decodes the common message
of UE (i,7). When UE (7,75) has no common message, we let a(7,j) be an empty
set. Formally, it is a mapping a : Z x J — (Z x J) U {0} with the restriction that
a(i,) = (i,7) always has i # i and a~'(7, ) has cardinality of no more than one. With

O # a(i,j) = (i,), i # i, UE (i,j) may split its L (< N,) data streams into two

P

parts: the private message s} ; € C* with E{s} (s )"} = I, and the common message

s¢; € CF with E{s{ (s{;)”} = I.. The private and common messages are precoded
by matrices Vz ; € CNexL and Vi, € CN*L respectively. The common message s ; of
UE (i,4) is to be decoded by UE (i, j)’s receiver and also by UE (7,)’s receiver in a
different cell i. On the other hand, if (i, j) = a(i, ) for some i # i, the receiver of UE

(i,7) also decodes the common message Sg; from UE (2,7) in a different cell 7 # 7.

As in [Dahrouj and Yu, 2011; Che et al., 2015], each UE (i,7j) successively decodes
the following messages (in the following strict order): (a) its common message s ;
from its own transmitter; (b) the common message sgj. from UE (%,j)’s transmitter

P
i from

in the different cell ¢ # 4 for which a(,7) = (i,7); (¢) the private message s
its own transmitter. Note that the decoded messages are also successively subtracted
from the received signal for interference mitigation. Intuitively, one’s own common
message is decoded first to help the decoding of the common information from the
other transmitter, while its own private message is decoded last to take advantage of

the reduced interference due to common message decoding.

For notational convenience, let us define

s?

Vig = [Vi; ViV = Vilegesisis = | 7
Si7j
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The received signal at UE (i,j) € S is expressed as:

Yij = E H,;;Vsiss; +n;;,
(s,1)ES

where H,; ; € CNrxNe is the matrix of channel coefficients from BS s € T to UE
(i,7) € S. The entries of the additive noise n; ; € C** are independent and identically
distributed (i.i.d) noise samples with zero mean and variance 0. The covariance of y; ;

is thus
Ml’] (V) = Z HS,Z,jVS,lVSHJHgZJ + O.QINT.
(s,1)eS
Under the successive decoding and interference cancellation scheme described above, it

follows that:

e UE (7,j) can decode its own common message s¢; with the achievable rate (ex-

pressed in nats/s/channel-use):

ri; (V) = In [T + (Vi) "HE ME (V) H Vi),

Z?] 1717]

where Mg (V) £ M, (V)—H;,;,; Vi, (V)]

15 Accordingly, Vi, =0,77,(V) =
0 and Mg (V) = M;;(V) if a(i, j) = 0.

) Z7j

A A

e UE (i,7) can decode the common message 55 from the interfering user (z,7) =

a~1(i,j) with the achievable rate:

riy(V) = In[L + (VE) THE MG (V) H, V],

,J 2,%,] 525
where M{;(V) & Mg (V) — H;, ; Vi (Ve )THI . Accordingly, M{;(V) =

c T A
M, (V) if a™(i,5) = 0.
e UE (4, ) can decode its own private message s;; with the achievable rate:

P (V) =1In|I; + (ng)HHH .ng(V)—IHi,i,jvgj ,

Z?] 1’717]

where Mﬁj (V) = Mg](v) _ H’i,i,jvﬁj<vzj)HHH

2717] :
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Similar to [Dahrouj and Yu, 2011, (10)-(12)], the achievable rate region under the

successive decoding is given by:

{V = [Vijlag)erxg = [szjj + sz](i,j)eIxj :

P< TP_(V) Ve < r.c.(V),V.C. < r‘l(,’j)<V)}.

L) — I TN — ) ) — alr

As 14 ;(V) is the achievable rate of decoding the common message s;; of UE (i, j)
by UE (i,7) = af(i,j), the constraint vi; < 14.;(V) arises only when a(i, j) # 0.

Therefore, by defining the nonsmooth functions

ri (V) = ng (V) 4+ min {Tij (V) Tatij) (V)} , (4.39)

» " ale,

we formulate the problem of sum-rate maximization over the achievable rate region as:

max P(V) £ Z Tij (4.40a)
(i,5)ES
> (Vi Vi) < P vie T, (4.40D)

jeT

where P is the maximum transmit power of BS i.

Problem (4.40) is a challenging nonconvex optimization problem because its objective
function is nonconvex and even nonsmooth. It should be emphasized that the available
sum-rate maximization solutions (see, e.g., [Christensen et al., 2008]) are only suitable

for the conventional coordinated precoding approach, which corresponds to 7;;(V) =

ri;(V) and V = [VP]; jics (i.e., there is no split of UE’s data). On the other hand,
the covariance optimization approach in [Che et al., 2015; Che and Tuan, 2013q] is
applicable for the case of L = N, only, i.e., one independent data stream is sent per one
transmit antenna. In this particular case, (4.40) can be equivalently transformed to the
optimization of a d.c. function in the rank-free outer products Qf; = V¥ ,(V{; =0,
x € {p,c}. The computational complexity of each d.c. iteration in [Che et al., 2015]

is high, because it involves the maximization of a logarithmic-determinant function

under semi-definite constraints—a difficult convex optimization problem with unknown
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polynomial computational complexity. Whenever L < N;, such a variable change leads
to the additional difficult rank constraints rank(Qf;) < L for which there is no available
solution method. Indeed, there is no effective d.c. representation of each rate function

in (4.39) even for the simplest case of L = 1.

In what follows, we will develop an efficient successive optimization algorithm of low

computational complexity to solve problem (4.40). Our solution works for both cases

of L =N,; and L < N;.

Remark. We adopt the pairing rule proposed in [Dahrouj and Yu, 2011]. At the
receiver of each UE, the optimal solution of (4.40) for V{,; = 0 is used to identify the
interference power from the UEs of other cells. Then, each UE is paired with the UE

from a different cell that introduces the strongest interference.

4.2.3 Proposed Precoder Design

Suppose that V) £ [Vﬁ’j(”) Vi’]('i)](i,j)eg is a feasible point found at (k—1)-th iteration.

Define the following quadratic functions:

rf’vjﬁn) (V) £ Tf,j(V(“)) +9 Re{@‘lzj("{), Vi, - Vi’}”)>}
— (M (V)= M, (V)
ML (V) ~ My, (V)
rf”j(ﬂ) (V) £ Tﬁj(V(“)) + 2Re{{ AZ}(H)’ ve - Vf }@»
— <sz(v(n))—1 _ Mﬁj(v(n))—17
M, (V) = M, (V)
rz’j(ﬂ) (V) £ Tf,j(V(”)) 1 2R6{<A£}(H),Vﬁj B Vi}(ﬁ)ﬂ

— (M (V) = M (V)
M, (V) = Mg, (V),
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where

A () HH Mc (V(H)) lle]Vc(n

1,2,

A £ RS M (V) TV,

1,7 7,Z]

AV 2 [ MP (VD) TIH, VI,

1,1,

Note that all the above functions are concave in 'V because M (V)1 —M ;(V ()~
0, M¢, (VW)= — M¢ (V®) =L = 0, M (V)™ — Mg (V)1 = 0.

The following result shows that the complicated function defined by (4.39) is lower

bounded by a concave quadratic function.

Corollary 4.1. For

it 1s true that

r (V) =7V and 1 (V) > 1) (V), ¥V V. (4.41)
Proof. The proof is given in Appendix F. |

In Algorithm 5, we propose a SCQP algorithm to solve problem (4.40). Given a feasible

(k+1)

point V() this algorithm iteratively generates a feasible point V! as the optimal

solution to the following optimization problem at the k-th iteration:

max P(V 237 (V) st (4.400). (4.42)
(4,5)€S

Problem (4.42) is a convex quadratic with m = N + 2K N quadratic constraints and
n =2NKN,L+ KN real decision variables. The complexity for computing its optimal
solution V*+1) is thus O(n?m?® + m*®). Note that V(¥ is also feasible to (4.42) with
P(VH) = PE(VH) by the equality in (4.41). It is then true that P (V) >
PE(VE) = P(VW) whenever VD) £ V) Together with P(VE+HD) > P (V)
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Algorithm 5 Proposed SCQP Algorithm

Initialization: Initialize a feasible point V(%) that satisfies power constraint (4.40b).
r-th iteration: Solve convex quadratic program (4.42) to find an optimal solution
VL IE|[(P(VH) =P (VW) /P(V®)| < ¢, terminate. Otherwise, set k := k+1, V¥ =
V* and continue.

according to the inequality in (4.41), we have that P(V*t1)) > P(V) ie. the
optimal solution V*+1) of the convex quadratic problem (4.42) is a better point of
the nonconvex nonsmooth optimization problem (4.40) than V(). Therefore, once
initialized from an achievable sum-rate P(V(®), the sequence {P(V))} obtained by
solving (4.42) is guaranteed to improve at each iteration and it eventually converges to
at least a local optimum of (4.40)[Marks and Wright, 1978].

Cell 1

10 dB
Cell 1 nia Y - QUuE (1,1
10 dB * BS 1 3P
- >P~ QUE (1,1) =224 B Ll
BS 1 Cell2 994
\;\% Y =~ ;@» QUE (2,1)
----------------- S d@,»’/ i
Cell 2 O ™ BS2. ... L L
(\ \x‘ Cell 3. " 5dB
Y 048 @” OUE (2,1) Y >€P” Que (.1
BS 2 n2,1 BS 3 13,1
(a) N=2,K=1 (by N=3,K=1

Figure 4.13: Network configurations used in the simulations.

4.2.4 Numerical Results

In our simulations, we assume H; 4, = \/WI:IHZ where I:Im,l € CNexNr with N, = 4
and N, = 2 represents the normalized MIMO channel, the entries of which are inde-
pendent and identically distributed complex Gaussian variables with zero-mean and
unit variance. Following [Etkin et al., 2008; Blum, 2003] the direct channel powers
n;i1 are fixed, while the interfering channel powers 7, ;, (i # j) are varied to cover all

the environment-dependent channel effects, including path loss and shadowing. The
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simulation scenarios thus vary from weak MIMO INs to mixed MIMO INs, for which
the Han-Kobayashi strategy is advantageous. The notation ‘H-K’ refers to the Han-
Kobayashi strategy whereas ‘coordinated’ refers to the conventional coordinated pre-
coding approach which only involves private message precoding. It can be seen from
(4.40) that the IN sum rate monotonically increases in the number of involved data
streams L. Since the covariance optimization approach in [Che et al., 2015] is suitable
for L = N; = 4, it is used for performance evaluation in this case. The comparison be-
tween the ‘H-K’ and ‘coordinated’ schemes is to show the capability of the H-K strategy
in mitigating the intercell interferences. Each result in the Monte-Carlo simulation is
obtained upon averaging over 100 random network realizations. We set the error toler-
ance as e = 1072 and 02 = 1, P™™ = 103, Vi in (4.40). We divide the achieved sum-rate

results by In(2) to arrive at the unit of bps/channel-use for binary communications.

First, we consider the two-cell two-UE MIMO network depicted in Fig. 4.13(a). The val-
ues of direct channel gains 711 and 7,2 are indicated in the figure, while interference
channel gains 7,91 = 12,11 = 7 are varied from —40 dB to 20 dB. In this scenario, UEs
do not experience any intracell interference and the only UE pairing possibilities are
a(l,1) = (2,1) and a(2,1) = (1,1). Fig. 4.14 also includes the curve of the theoretical
lower bound and upper bound by solving the linear inequality [Karmakar and Varanasi,
2013, (52a)-(52i)] and [Karmakar and Varanasi, 2013, (11)-(17)], respectively. As seen,
the ‘H-K’ scheme offers a substantial performance gain over the ‘coordinated’ counter-
part, especially for large interference channel gain 7. In particular, an improvement of
up to 30% is observed for L = 1 and n = 20 dB. More importantly, the H-K strategy in
all considered cases of L is able to achieve better sum rate performance even when the
interference channel gain increases. Table 4.4 shows the average number of iterations
required for Algorithm 5 to converge, which is similar to the convergence result in [Che
et al., 2015, Table IV] for the SDP-based covariance optimization algorithm.

Next, we consider the three-cell three-UE MIMO network depicted in Fig. 4.13(b).

The values of direct channel gains are indicated in the figure. Following [Che et al.,
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Figure 4.14: Performance results for the network in Fig. 4.13(a).

Table 4.4: Average number of iterations by Algorithm 5 for the network in Fig. 4.13(a).

n (dB)
—10 0 10 20
Coordinated, L =1 | 5.47 | 2.515 2 2
H-K, L=1 15.17 | 20.71 | 15.62 | 23.6
Coordinated, L =2 | 23.88 | 1548 | 10 | 7.13
H-K, L =2 32.38 | 16.11 | 11.91 | 8.67

2015, Fig. 5(b)], we set mi 21 = 1231 = 73,11 = 0, while varying other interfering chan-

nel gains 7211 = 1321 = 1 from —40 dB to 30 dB. In this case, the obvious choice for

UE pairing is a(1,1) = (2,1), a(2,1) = (3,1). Fig. 4.15 demonstrates the H-K strategy

is again able to improve the sum-rate performance under stronger channel interferences

for all cases of L. The performance gap between ‘H-K’ and ‘coordinated’ curves is

widened especially in the high interference region of n > 20 dB.

It is worth noting that in both considered examples, the performances of ‘H-K’ scheme

are not much distinguishable for L. = 2 and L = 4, although the optimal covariance
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matrices Q7 ; € C*4, x € {p,c} are not necessarily of rank N, = 2 [Che et al., 2015].
This result implies that using L = 2 data streams gives a performance that is close to the
best sum-rate performance. For L = 1, an improvement is still observed in the region
n € [—20,—10] dB, where the interference per antenna at each UE is at least 14.47 dB
and 8.27 dB for the networks in Fig. 4.13(a) and Fig. 4.13(b), respectively. These levels
of interference are well above the background noise power of 0 dB. It is sufficient for the
low interference regime condition to be satisfied only for the optimal input covariance
matrices (those that maximize the achievable sum rate assuming Gaussian inputs and

treating interference as noise) if they are full rank [Annapureddy and Veeravalli, 2011].
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Figure 4.15: Performance results for the network in Fig. 4.13(b).

4.2.5 Conclusions

This section has addressed the problem of precoder design for both common and private
messages in MU-MIMO multicell networks under the Han-Kobayashi strategy. Our aim

is to find the optimal precoding matrices for network sum-rate maximization. We have
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proposed a successive convex quadratic programming algorithm to solve the noncon-
vex optimization problem in the precoder matrices. Numerical results have confirmed
the potential advantages of our proposed approach and also the ability of the Han-
Kobayashi to mitigate the intercell interference, which leads to even better sum-rate

despite an increase in channel interference.
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Chapter 5

Full-Duplex MU-MIMO Networks and MIMO Energy Har-

vesting

5.1 Introduction

Recently, wireless energy harvesting (i.e. energy constrained devices scavenge energy
from the surrounding RF signals) is gaining more and more attraction from both in-
dustry and academia [Lu, Niyato, Wang and Kim, 2015; Lu et al., 2016]. Since the
amount of energy opportunistically harvested from the ambient /natural energy sources
is uncertain and cannot be controlled, BSs in small-cell networks can be configured to
become dedicated and reliable wireless energy sources [Buzzi et al., 2016]. The small
cell size not only gives the benefit of efficient resource reuse across a geographic area
[Andrews, Buzzi, Choi, Hanly, Lozano, Soong and Zhang, 2014] but also provides an
adequate amount of RF energy to battery powered UEs for practical applications [Ding
et al., 2015; Lu, Niyato, Wang and Kim, 2015; Lu et al., 2016] due to the close BS-UE
proximity. In order to transfer both energy and information by the same communi-
cation channel, UEs are equipped with both ID receiver and EH receiver. Since the
received signal cannot be used for energy harvesting after being decoded, there are two
available implementations for wireless energy harvesting and information decoding: (i)

PS in which receiver splits the received signal into two streams of different power for
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decoding information and harvesting energy separately and (ii) TS to enable the re-
ceiver decode information for a portion of a time frame and harvest energy for the
rest. Beamforming can be applied to focus the RF signal to EH receiver or enhance

throughput at ID receiver [Ding et al., 2015].

Most of previous works (see e.g. [Timotheou et al., 2014; Shi et al., 2014] and references
therein) only focus on beamforming power optimization subject to ID throughput and
EH constraints with PS in MISO networks. The ID throughput constraints are equiva-
lent to SINR constraints, which are indefinite quadratic in beamforming vectors. The
harvested energy constraints are also indefinite quadratic constraints. Thus, [Timo-
theou et al., 2014; Shi et al., 2014] used semi-definite relaxation (SDR) to relax such
indefinite quadratic optimization problems to SDP by dropping the matrix rank-one
constraints on the outer products of beamforming vectors. The variable dimension of
SDP is explosively large and the beamforming vectors that are recovered based on the
matrix solution of SDR perform poorly [Nasir et al., 2015]. Moreover, SDR, cannot be
applied to throughput or EH maximization as the problems resultant by SDR are still
highly nonconvex. Only recently there was an effective development to address these

problems [Nasir et al., 2016].

Considering MIMO interference channels, information throughput and harvested en-
ergy, i.e., rate-energy (R-E) trade-off was investigated in [Park and Clerckx, 2014] and
[Park and Clerckx, 2015], assuming that any UE either acts as an ID receiver or an
EH receiver. In case that UEs can operate both as an ID receiver and EH receiver
(namely co-located cases), the R-E region of point-to-point MIMO channel was studied
in [Zhang and Ho, 2013]. Note that in MIMO networks, the information throughput
function is involved with the determinant operation of a matrix and can no longer be
expressed in the form of SINR. Consequently, the throughput constraints are always
very challenging in precoding signals. [Nguyen et al., 2013; Zong et al., 2016] used
zero-forcing or interference-alignment to cancel all interferences, making the through-

put functions concave in the signal covariance. The covariance optimization becomes
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convex but it is still computationally difficult with no available algorithm of polynomial
time. Moreover, there is no known method to recover the precoder matrices from the
signal covariance. Only recently, the MIMO throughput function optimization has been
successfully addressed for non-EH system in the previous Chapter 4 via a successive
convex quadratic programming. The result of Chapter 4 can be adapted to MIMO
networks that employ EH by PS approach. However, there is almost no serious research
for the systems employing TS in MIMO networks. Though, TS-based system is practi-
cally easier to implement, but the related formulated problem is quite complex because
the throughput function in such case is coupled with the TS variable that defines the
portion of time slot dedicated to EH and ID. This renders the aforementioned precoder
design [Nguyen et al., 2013; Zong et al., 2016; Tam et al., 2016] for PS inapplicable.
To the best of our knowledge, both the throughput maximization problem and the

harvested energy maximization problem with TS are still very open.

All aforementioned works only assume that UEs only harvest energy arriving from
BSs” DL transmission. In reality, UEs can also opportunistically harvest energy from
other UEs’ signals during their UL transmission. Furthermore, by allowing the BSs to
simultaneously transmit and receive information, both the spectral efficiency and the
amount of transferred energy will be improved. With the recent advances in antenna
design and RF circuits in reducing SI [Everett et al., 2014; Duarte et al., 2014; Anttila
et al, 2014; Heino et al, 2015], which is the interference from a BS’s DL transmission to
its UL receiver, the FD technology is recently proposed as one of the key transceiving
techniques for the 5G networks [Duarte et al., 2012; Choi and Shirani-Mehr, 2013;
Sabharwal et al, 2014; Heino et al, 2015; DUPLO project, 2015]. In this chapter, we
are interested in a network in which each FD multi-antenna BS simultaneously serves
a group of ULUs and a group of DLUs. In the same time, the BS also transfers energy
to DLUs via TS or PS. FD transmission introduces even more interference into the
network by adding not only SI but also the interference from ULUs toward DLUs and
the interference from DL transmission of other BSs. Consequently, the UL and DL
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precoders are coupled in both DL and UL throughput functions, respectively, which

makes the optimization problems for UL transmission and DL transmission inseparable.

In literature, [Nguyen et al., 2013; Huberman and Le-Ngoc, 2015; Nguyen et al., 2014]
proposed covariance matrices design in (non-EH) FD MU-MIMO networks using D.C.
iterations [Kha et al., 2012], which are still very computationally demanding as they
require log-determinant function optimizations as mentioned above. Chapter 4 has
proposed a framework to directly find the optimal precoding matrices for the sum
throughput maximization under throughput constraints in FD MU-MIMO multi-cell
networks, which requires only a convex quadratic program of moderate size in each

iteration and thus is very computationally efficient.

In this chapter, we propose the design of efficient precoding matrices for the network
sum throughput maximization under QoS in terms of MIMO throughput constraints
and EH constraints in a FD EH-enabled multicell MU-MIMO network. Both PS and
TS are considered for the precoder design and called by PS problem and TS problem,
respectively. They are quite challenging computationally due to nonconcave objective
function and nonconvex constraints. However, we will see that the PS problem can be
efficiently addressed by adapting the algorithm in Chapter 4. On the other hand, the
TS problem is much more challenging because the TS variable a is not only coupled
with the DL throughput function but also coupled with the SI in the UL throughput
function. It is nontrivial to extend algorithms in Chapter 4 to solve the problem for the
TS problem. Toward this end, we develop a new inner approximation of the original
problem and solve the problem by a path-following algorithm. Finally, we also consider
the FD EH maximization problem with throughput QoS constraints with TS. This
problem also has a nonconvex objective function and nonconvex constraints and will

be addressed by applying an approach similar to that of proposed for the TS problem.

The rest of this chapter is organized as follows: Section II presents the system model the

SCP algorithm of the PS problem. The main contribution of the chapter is Section III
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and Section IV, which develop algorithms for the T'S problem and FD EH maximization
problem. Section V evaluates the performance of our devised solutions by numerical

examples. Finally, Section VI concludes the chapter.

The following result of Chapter 4 is used.

Theorem 5.1. For function f(V,Y) = In|[,+ V7Y 'V| in matriz variable V.€ C™*™
and positive definite matriz variable Y € C™*™  the following quadratic function is its

minorant at (V,Y)

f(V,Y)=a+2Re{(A, V)} — (B,VVT 1Y),

where 0> a £ f(V.Y) = (VIY"'V), A=Y W and 0 2 B=Y"" — (Y + VV)"1.

5.2 EH-enabled FD MU-MIMO Networks

We consider an MU-MIMO EH-enable network consisting of [ cells. In cell i &€
{1,...,1}, agroup of D DLUs in the DL channel and a group of U ULUs in UL channel
are served by a BS 7 as illustrated in Fig. 5.1. Each BS operates in the FD mode and is
equipped with N £ N; + N, antennas, where N; antennas are used to transmit and the
remaining N, antennas to receive signals. In cell i, DLU (i, jp) and ULU (4, jy) operate
in the HD mode and each is equipped with N, antennas. In the DL, let s; j, € C% be
the symbol intended for DLU (i, jp) where E [si,jD(st)H] = 14, dy is the number of
concurrent data streams and d; < min{/N;, N, }. The vector of symbols s, j, is precoded
and transmitted to DLU (4,jp) through the precoding matrix V;;, € CNt*d1 Anal-
ogously, in the UL, s;;, € C® is the information symbols sent by ULU (i, jy) and is
precoded by the precoding matrix V; ;, € CN*% where E [s; ;, (s:,5,)"] = I4,, do is the

number of concurrent data streams and dy < min{Ny, N,.}. For notational convenience,
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A Base station

b DLU

B ULU

— Intended signal
-------- > Interference

Figure 5.1: Interference scenario in an FD multicell network, where SI denotes the
self-interference and ITI; denotes the interference from the BS and ULUs of cell 7.

let us define

Ié{l,Q,...,I}; Dé{lD,QD,...,DD}; ué{lu,Qu,...,Uu};
SIEIxD;, S42TIxU,;
Vb = [Vijolivres:: Vu = [Vijlijwes: V = [Vo Vul;

In the DL channel, the received signal at DLU (i, jp) is expressed as:

A
Yijgo = Hi,iJDVi,jDSiJD + E : Hm,i,jovmvfosmv% + § : HiJDyﬁuVi,fu Sijey T jp s
%/_/ o
(m,fD)681\(Z,]D) {UEU

N >
-~ ~\~

DL interference UL intracell interference

desired signal

(5.1)

where H,,; ;, € CNrxN1and H; o0, € CNrxNr are the channel matrices from BS m to
DLU (¢, jp) and from ULU (¢, fy) to DLU (i, jp), respectively. Also, n; ;, is the additive
white circularly symmetric complex Gaussian noise with variance o3. In this chapter,

the UL intercell interference is neglected since it is very small compared to the DL
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intercell interference due to the much smaller transmit power of ULUs. Nevertheless,

it can be incorporated easily in our formulation.

Assuming that DLUs are equipped by both devices for ID and EH, the power splitting
(PS) technique is applied at each DLU to simultaneously conduct information decoding
(ID) and energy harvesting (EH). The power splitter divides the received signal y; ;,
into two parts in the proportion of a; j, : (1 — @ j,) where a;;, € (0,1) is termed as
the PS ratio for DLU (i, jp). In particular, the signal split to the ID receiver of DLU
(i, jp) is given by

Vi joYigo T Zijos (5.2)

(ie. |26, .| =02 r =1,..,N,) is additional noise

c c
where each r-th element of 2 o iioor

introduced by the ID receiver circuity. An EH receiver processes the second part of the

split signal /1 — @; j, ¥, for the harvested energy
G (1 = @i Yo

where ¢ j, € (0.4,0.6) is the efficiency of energy conversion. For more complex models

of energy harvesting, the reader is refer to [Liu, Zhou, Durrani and Popovski, 2016].

It follows from the receive equation (5.1) and the split equation (5.2) that the downlink
information throughput at DLU (3, jp) is

fiio(Vo, Vu, @i j) & In | Iy, + (L3 (Vip)* ¥, 1 (Vo, Vu, )| (5.3)
Where ‘Ci,jD (Vi,jD) é Hi,i,jDVLjD and
Ui (Vo, Vu,aijo) £ W0 (Vo, Vu) + (07 /ai o ) I, (5.4)

with the downlink interference covariance mapping

Uiip(Vo, Vo) & > (Humijo Vi) + > (Hijoty Vin,)* +00ly,.  (5.5)
(m,lp)eS1\(%,3p) IN=7

The harvested energy at UE (i, jp) is

Ei j»(Vb, Vu, @i ) = Gijp (1 — @i, ){Pi 3, (V, Vu)), (5.6)
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with the downlink signal covariance mapping

®ijo(Vo, Vo) 2 Y (HumijoVimto)* + > (Hiip i, Vigy)’ + 0d 1, (5.7)
(m,lp)€S: tyeu

In the UL channel, the received signal at BS 7 is expressed as

A B
Yi = E Hi,fu,ivi,fusiyfu"i_ E , E :Hm,eu,ivmlusmlu_F E : Hm,i E :Vm,jDsﬂ%SD

toeu meT\{i} tueld meT\{i} joeD
N : v. 7 -~ J/ A -~ 7
desired signal UL interference DL intercell interference
ST
+ n 4, (5.8)
~—
residual Sl

where H,, 4, ; € CV2*Nr and Hfm € CN2*M are the channel matrices from ULU (m, £y)
to BS ¢ and from BS m to BS 7, respectively; n; is the additive white circularly symmetric
complex Gaussian noise with variance o3; n?! is the residual SI (after self-interference
cancellation) at BS 4 and depends on the transmit power of BS i. Specifically, n7!
is modelled as the additive white circularly symmetric complex Gaussian noise with
variance 0g; ¥, cp || Vi ||? [Day et al., 2012], where the SI level 3, is the ratio of the

average SI powers after and before the SI cancellation process.

Following [Nguyen et al., 2013, 2014; Tam et al., 2016], the optimal MMSE-SIC decoder
is applied at BSs. Therefore, the achievable uplink throughput at BS i is given as [Tse
and Viswanath, 2005]

fi(Vo,Vy) £ In|Iy, + (£:(Vy,)*¥; ' (Vp, Vu)/, (5.9)

where Vy, £ [V Jeey and £i(Vii) £ [Hi,lu,ivi,luy HiiViays - Hipy i Vi, |» Which
U

means that (£;(Vy;))? = Z(Hi,éu,ivi,fu)27 and
=1

Ui(Vp, Vy) 2 U7 (Vy) + 07 (Vp) (5.10)

with uplink interference covariance mapping

\IJ?(VU) = Z Z(Hm,fuvivmfu)g + Z Hﬁ,i (Z (VmJD)Q) (ng,z)H + O-LQJ]N2

meZ\{i} by meT\{i} Jo€D

(5.11)
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and SI covariance mapping

U (Vo) £ 0% D [IVielPIn.. (5.12)

lpED

We consider the design problem

max Pl(VD,Vu,a) é Z fi,jD<VD>VUaai,jD) + ZfZ(VD,Vu) S.t. (5.13&)

Vo-Vue (i,jp) €SI icT
0< Qi < 1, (Z,jD) €Sy, (513b)
ST VipllP+ D Vil <P (5.13c)
(i.jp)€S1 (i.ju)€ES2

S IVipllP<PVieZ,  (5.13d)

Jo€D
IVisoll> < Pijy, V(i ju) €Say (5.13e)
(@i (Vb, Vu)) > et /Gijo (1 — @ijy), V(i jb) € Si, (5.13f)
fi(Vp, Vy) > ™ Vi e T (5.13g)
fi,jD (VD7VU7ai,jD) > Tzl'?}glin,v@,jD) < 81. (513h)

The convex constraints (5.13d) and (5.13e) specify the maximum transmit power avail-
able at the BSs and the ULUs whereas (5.13c) limits the total transmit power of the
whole network. The nonconvex constraints (5.13f), (5.13g) and (5.13h) represent QoS

D,min
7:7jD

. U, :
guarantee, where e ™" and r

i T are the minimum harvested energy required

by DLU (i,jp), the minimum data throughput required by BS i and the minimum
data throughput required by DLU (i, jp). In comparison to (4.7) in Chapter 4 for FD
non-EH-enable networks, the UL throughput function f;(Vp, Vy) in (5.9) is the same,
where the DL throughput function f; ,(Vp, Vu, @ j,) is now additionally dependent
on the SP variable v j,, is decoupled in (5.5) and thus does not add more difficulty as
we will show now. We also show that the nonconvex EH constraints (5.13f) can easily

be innerly approximated.

107
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Under the definitions,

Mijo(Vo, Vu, i) £ (Lijo(Vio))* + Vijo(Vo, Vi, @) (5.14)
=V, (Vb, Vu,a; ), (5.15)

M;(Vp, Vy) £ (Li(V)® + ¥i(Vo, Vy) (5.16)

= U,(Vp, Vy), (5.17)

by applying Theorem 5.1, we obtain the following concave quadratic minorants of
throughput functions f;;,(Vp, Vu, @) and f;(VE, VI at (V7 V7 o) £

(V% soress Vi) ](i,ﬁu)esz» [ 1 s joyes,):

6!") (Vp, Vuy,aijp) 2 al) + 2Re {<Az();|)7 L jo (Vz‘,jo»} — (B Mij(Vo, Vu,aip))
(5.18)
and
61(Vp, Vu) £ af” + 2Re {{A, £(Vy)) } = (B, Mi(Vp, Vu)),  (5.19)
where
0> alfy, = fiao(Vs™ Vi, aln) = Re { (W k (V37 Vi) Lao (V). Lo (VS |
Al =T, 7 W7 el L JD<W;D>
0= B =k (" V57, alf) = Mo (7, V57, alf),
(5.20)
and
0> af” = fi(”, V) - Re {@;w D VENLVE), LV
AW =W (VS VLV, (5.21)
0= B =W (VE, ) = MV ).

To handle the nonconvex EH constraints (5.13f), we define an affine function

o) (Vb, Vy) as the first-order approximation of the convex function (®; ;. (Vp, Vy))

2,JD

at (V™ V™)

O (Vo, VU) 2 —(®, 50 (V5™ VEP) +2Rel D" (Hunisio Vit Vinsio Ho o)}
(

m,lp)EST

+2Re{ Y ey {Hivio, gUVZ(ZJ VHE HH

1,0y~ i,ip,ly

4 20%]\7,«,
(5.22)
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which is an minorant of (®; ;,(Vp, Vy)) at (VD(”), VU(”)) [Tuy, 1998].

We now address the nonconvex problem (5.13) by successively solving its following inner
approximation:
max Y P (Vp, Vy,a) £ 61 (Vo, Viyaijp) + Y 08 (Vo, Vi) (5.23a)

VD 7VU pled ! ]D
(i,Jp)€ST ieT

s.t. (5.13b) — (5.13¢) (5.23b

)
&) (Vo, Vi) > e2/Go (1 — ), V(i jo) € Si, (5.23¢)

O (Vp, Vi) = rP™ i € T (5.23d)
)

0" (Vp, Vy,aijp) > ™ V(i, jp) € Si. (5.23¢

’L]D( ,JD

Initializing from (VD(”), VU(”),oz(“)) being feasible point to (5.13), the optimal solution
(VD(F”H), VU(HH), al"*1)) of convex program (5.23) is feasible to the nonconvex program

(5.13) and it is better than (VD(”)7 VU(’*)7 alF):

Pl(VD(NJrl)’ VL(iﬁJrl)’ Oé(erl)) > Pl(ﬂ)(v(l’v+1)’ VU(H+1)’ a(n+1)> (5.24)
> PV Vo) (5.25)
= PV VS al), (5.26)

where the inequality (5.24) and the equality (5.26) follow from the fact that 731(“) is a mi-
norant of P while the inequality (5.25) follows from the fact that (V3™ " ety
and (VD(”), VU(H), a®) are the optimal solution and feasible point of (5.23), respectively.
This generates a sequence {(VD(”), VU(”),oz(”))} of feasible and improved points which

converge to a local optimum of (5.13) after finitely many iterations.

Algorithm 6 Path-following algorithm for PS sum throughput maximization (5.13)

Initialization: Set k := 0, and choose a feasible point (VD(O), VLEO), o)) that satisfies
(5.13b)-(5.13h).
k-th iteration: Solve (5.23) for an optimal solution (V3,V[,a*) and set k :=

k41 (VP VP aW)y = (V3 V5, a) and caleulate Py (V™ V™ o). Stop if
‘ (PI(VD(H)’ VU(H)’ Oé(ﬁ)) - 7Dl(‘/D(H_l)7 ‘/U(H_l)7 a(ﬁ_l))) /PI(VD(K_l)7 VLSR_I)7 O{(H_l)) S €.
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The proposed path-following procedure that solves problem (5.13) is summarized in
Algorithm 6. To find a feasible initial point (VD(O), VLSO),a(O)) meeting the nonconvex
constraints (5.13f)-(5.13h) we consider the following problem:

max 7)1 f(VD,Vu, ) = min {fm‘D (VD,Vu, ) Tmm

2,2D 7

VoVue (i-0) €51 (5.27)
®155(Vo, Vo) — b [i(Vo, Vi) =", | st (5.13b) — (5.13¢).

Initialized by a (Véo), VU(O), a®)) feasible to the convex constraints (5.13b)-(5.13¢), an

iterative point (VD(“H),VLSHH),a (=+1)) for k = 0,1,..., is generated as the optimal

solution of the following convex maximin program:

%,JD 2,2D 7

lax P1f<VD7VUa )é min {<@( (VD7VU, ) 7,,Inln

Vo, Vy (i-jp) €S (5.28)
@EH) (VD,VU) mln Qsz ]D(VD7VU) — m} S.t (513b) — (5138)

which terminates upon reaching

Frio (Vo™ V5 o) > riip, £V, V) = e

7, Jip ! z ’
I’Illl’l

€;
(i jo (VS VD)) > 0 (i jp) € S
Cl ]D( ZJD)

to satisfy (5.13b)-(5.13h).

In parallel, we consider the following transmission strategy to configure FD BSs to
operate in the HD mode. Here, all antennas N = N; + Ny at each BS are used to
serve all the DLUs in the downlink and all the ULUs in the uplink using half time slots,

where DLUs are allowed to harvest energy from ULUs. The problem can be formulated

as
1
V{)n{afffa 5 Z fm‘D (VD, Ou,am‘D) + Z fi(OD, Vu) s.t. (5.29&)
Y (4,Jp)ESL 1€
(5.13b), (5.13¢), (5.13d), (5.13¢),

1 .

5 (Eijo (V, 0y, @) + Eijo (Op, Vu, 0)) = ein (i, jo) € S, (5.29b)
1

5/i(00, V) = P e T (5.29¢)

1 min ..
o (V0. 00,6 jp) > 50" (i, ) € S, (5.29d)
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where Op and Oy are zero quantity of the same dimension with Vp and Vy. In (5.29),
DLU (4, jp) uses (1 —a; j,) of the received signal during DL transmission and the whole
received signal during UL transmission for EH as formulated in (5.29b). The main
difference between (5.13) and (5.29) is in (5.29b) where the harvested energy from UL
transmission at DLU (4, jp) does not multiply with e ,. The constraint (5.29b) can

be recast as .
(Pijo(Op; Vu)) 2eip

(D, (Vp,0y)) + > .
° (1 —aijp) Gijo (1 — @i jp)

Define the following convex function:

A <(I)i,jD(OD7VU)> <Zéueu( 1,ip EUVi7£U)2 + OQD[NT>

Aijp(Vu, oy )
7.7D( u JD) (1 _ ai,jD) 1 _ ai7jD

(5.30)

with its first-order approximation

2 2Re{<z€ eu( 1,ip Zuvifu)(HiviDvgu‘/;,(ZU))H>}

A(H ( 1= ai,jo) (r)

%,JD

1—a; j
,JD
iy Vv(’i +UZI .
<Z€UEL{( ip,fu léu) D N7><1 _ai . ) (531>
1 (H) »JD
( - Oéiij)

which is its minorant at (V™ V(™ a(®).

Algorithm 6 can be used with the following convex program solved for s-iteration:

1
Vﬁr}\%ﬁa 5 Z 61 Jo VD, Ou, a; JD + Z @ OD, Vu, 0) (532&)

(,Jp)€ST ieT
S.t. (5.13b), (5.13C), (5.13d), (5.138),
qﬁz b (VD, OU) + AZ o (V 1— ai,jo) > 26?;3/@7]"3(1 — amD),V(i,jD) € S, (5.32b)

_@("‘)(()D,VU) > )™M ie T (5.32)

—6 ") (Vb, 0y, @i jp) = 2 (i, jp) € Sy, (5.32d)

4,JD %,JD

where gbg'; (VD, Oy) and @l i»(Vp, 0y, @; ;) are defined by (5.22) and (5.18) with both
Vy and VU replaced by Oy, while @ (OD, Vy) is defined by (5.19) with both Vp and
V4" replaced by Op.
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5.3 EH-enabled FD MU-MIMO by Time Switching

A much easier implementation is time splitting 0 < a < 1 in downlink transmission
where (1 —a) time is used for DL energy transfer and a time is used for DL information
transmission. In this section, we define V £ [V, 1 ives,, VG = [VE Jiijp)es, and
redefine the notation Vp 2 [VL, VE] where V! o and VI “are the information pre-

coding matrix for ID and energy precoding matrix for EH, respectively. The received

signal at DLU (7, jp) for EH is

y'f]D - Z HmZ]DVm ED mZD + Z H’L ,iD, EUV'L KUSZ Ly ‘I’n]D, (533)
(m KD €S {UGLI P

vV
UL intracell interference

where s}, is the energy signal sent for (1 — a) time. With the definition (5.6), the

m,l

harvested energy is
Ei:jD (ng VUaa) = Ci,jo(l - Ot) <(I)i7jo (ng VU))v

where the downlink signal covariance mapping ®; ;. (.,.) is defined from (5.7).
Similarly to (5.1), the signal received at DLU (4, jp) during the information transmission

in time fraction «a is

I A I
Yijo = HZ 1JDVZ JD HD + E Hm,i,jDVm,fDSm,ZD + § Hi,jD,qui,fu Si ey +ni7jD7
—— ——

desired signal £m’£0)651\(ZJD) {U €U v
Vs vV

DL interference UL intracell interference

(5.34)
where s/, ,is the information signal intended for DLU (m, fp). The ID throughput at

DLU (4, jp) is then given as af; ;,(V), where
Jiio(V, Vo) = In Iy, + (Lijo (Vi ;)" ¥7 5, (Vb, Vo), (5.35)

,9D

with the downlink interference covariance mapping W(.,.) defined from (5.5).

The uplink throughput at the BS is

fi(VD7VU7 é |IN2 E'(VUZ‘))2\P¢_1(VD?VU>Q)| ) (5'36)
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where £;(Vy,) is already defined from (5.9) but
Ui(Vp, Vy,a) £ U/ (Vy) + 9% (Vp,a) (5.37)

with the uplink interference covariance mapping WY (.) defined by (5.11) and the time-

splitting SI covariance mapping
VIS(Vo,a) 208, > (1= @l [VE P +allVI ) v (5:38)
Jo€D

The problem of maximizing the network total throughput under throughput QoS and

EH constraints is the following:

S Pa(Vo, Vi,a) & 3 (af”DV VU)+fi(VD,VU,a)> st. (5.39)

(i,j0)ES1
0<a<l, (5.39Db)
||Vi7ju||2 S ‘Pi,ju7v(i7jU) € 827 (539C)
> (=@l VEJIE+allVIIE) + > IV lP< P (5.39)
(4,J) €S (4,5U) €S2

> ((1—a)|\ ol +allVE |1 ) < P,VieT, (5.39)

Jjo€D
f:(Vo,Vy,@) > r™™ Vi € T, (5.391)
afijo(Vh, Vu) > ™ (i, jp) € Si, (5.39g)
Ei (V5 Vu,a) > 2, V(i, jp) € Si. (5.39h)

Constraints (5.39¢), (5.39d) and (5.39¢) limits the transmit power of each ULU, the
whole network and each BS, respectively. Constraints (5.39h) ensures that each DLUs
harvest more than a threshold whereas constraints (5.39f) and (5.39g) guarantee the
throughput QoS at BSs and DLUs, respectively. The key difficulty in problem (5.39)
is to handle the time splitting factor a that is coupled with the objective functions
and other variables. Using the variable change p = 1/a, which satisfies the convex
constraint

p>1, (5.40)
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problem (5.39) is equivalent to

max  Po(Vp,Vu,p) = > fiiu(VDL.Vu)/p+ > fi(Vo, Vu,1/p) (5.41a)

Vo, Vu,e>0 (i.j0)€S1 ieT
s.t. (5.40), (5.39¢),
S (IVEIEIVEIER) + 3 Vil
(1,Jp)€ST (i,ju)ES2
<P+ Y IVEIP/p. (5.410)
(1,Jp)€ST
S (VB + VL E/p) < Pt S IIVE, /o, Vi€ T, (5410
Jjp€D JpeD
Fiio(VE, Vo, 1/p) > 88 ¥(i,jo) € 1, (5.41d)

£i(Vo,Vuy,1/p) > 7)™ Vie I, (5.4le)
fi:jD<V VU)/p > TD min V(Z ]D) S 81. (5.41f)

%,JD

Problem (5.41) is much more difficult computationally than (5.13). Firstly, the DL
throughput is now the multiplication of data throughput and the portion of time 1/p.
Secondly, the SI in UL throughput is also coupled with 1/p. Finally, the power con-
straints (5.41b), (5.41c) are also coupled with 1/p. Therefore, the objective function
(5.41a) and constraints (5.41b)-(5.41f) are all nonconvex and cannot be addressed as
n (5.13). In the following, we will develop the new minorants of the DL throughput
function and UL throughput function.

Firstly, we address a lower approximation for each f; , (VL, Vy)/p in (5.41a) and
(5.41f). Recalling the definition (5.35) of f; ;. (VE, Vy) we introduce

Mijo(V, Vi) = (Lo (Vigo))* + Vijo (V. V),
to have its following minorant at (V™ V{™):

o) (VL Vy) 2 al" +2Re{<A(”

2,JD 2,JD’

Ligo (Vi) } = (Bl Mo (VE, VU)),  (5.42)

4,JD %,JD’
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where similarly to (5.20)

0> alf) = Figo (V" V§7) = Re { (0 (V8 V§™) Lo (VD). Lio (VD) }
AE*;-HJ;]-D(V VLo (VD) (5.43)
0= B =W, L (VE7,VEY) = Mo (V™ 5.

A minorant of f;;, (Vh, Vy)/p is
fiin(VE, Vi) > 0 it is obvious that its lower bound o
(VL, Vy) such that

”D(VID,VU)/,O but it is still not concave. As

iio (VID,VU) is meaningful for

0" (VL, Vy) >0, (i,jp) € S, (5.44)

4,JD

which particularly implies

Re {<(A§3§,£i7jD(V{]D)>} >0, (i,jo) € Si. (5.45)

Under (5.45), we have

(K)o I
Re {<‘Ai7jo’ Lijo (Vi JD)>} (%) (%) _ ")
; > 20"\ [Re s (A L, (VE )T = p (5.46)

for

K) I(H)
(g VS L)
< Oijp = ) » Vs G

= (B2, (5.47)

,JD

Therefore, the following concave function

(%)
(12 K K K
gzg)D<VID7VU7p) é ij + 4bz(]?3\/ {<A1(]D7 ’L]D(VZIJD)>} - QCEJLP

(BY, M5, (VE, Vo))
p

(5.48)

is a minorant of f;;, (VL, Vy)/p at (Vo™ Vi, p),

Next, we address a lower approximation of f;(Vp, Vy, 1/p) in (5.41a), (5.41e). Recalling
the definition (5.36) of f;(Vp, Vu, 1/p) we introduce

M;(Vb, Vu,p) £ (Li(Vui))* + ¥ (Vy) + 75 (Vp, 1/p),
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for W51 (Vi 1/p) defined from (5.38) as

VI (Vo.1/p) = ok 3 (IVEIP +SIVELIE =2 IIVEIE) e (549)

Jjp€D

to have its following minorant at (V™ V(" p(®)).
0 (Vo, Vu,p) 2 0 + 2Re { (LA, £i(Vu,) } = (B, Mi(Vo, Vu, ), (5:50)
where similarly to (5.21)

AEH) _ o (VD(R)7 Vé”))ﬁi(VJf)% (5.51)
0= BZ(H) _ \Iji_l(VD(n)y VU(H)) . M;l(VD(N)? VU(N))'

0> o = Fi(VE”, V§™) — Re { (07 (V3" V) LV), £V }

Function ©\"(Vp, Vy,p) is not concave due to the term U7S1(Vp.1/p) defined by

(5.49). However, the following matriz inequality holds true:

E,(k
V22

(p(ﬁ))Q p)]N27 (552>

2 E,(k
_||V”D||2]N2 - (W Re{(ijv( )anED>} _
which yields the matrix inequality

M;(Vp,Vuy,p) = Mgﬁ)(VmVu,P)

" <ci<vuz->>2+\1/§f<vu>+o§1(|| P4V

z]D‘ z]D|

2 R VE(H) VvE HV H2 I
G e{(Vi,™ jD>}+WP Ny

As B = 0 by (5.51), we then have
(B, Mi(Vp, Vi, p)) > (B, M (Vb, Vu, p))
so a concave minorant of both f;(Vp, Vy,1/p) and 0" (Vp, Vy, p) is
6 (Vo, Vu,p) 2 0 + 2Re { (A", £i(Vu) } = (B, M (Vo, Vi ). (5.53)

Concerned with |[V} ||?/p in the right hand side (RHS) of (5.41b) and (5.41c), it
follows from (5.52) that

||VZJD|| /p Z ’Y’L]D(V”L‘]D7p)
2 2Re{(V;2 VE )/ p®) — p|[VE| 2/ (p)2,

116



5.3 EH-enabled FD MU-MIMO by Time Switching

We also have quZ?D(Vg,VU) defined in (5.22) as a minorant of (®,,;, (VE, Vy)). We
now address the nonconvex problem (5.41) by successively solving its following innerly

approximated convex program at r-iteration:

nax PQ (\/—D7‘/U7p)é Z gl(:;)D<V VUap +Z@ VD7VU7p) (554&)

Vo Vup=0 (4,Jp)ESL 1€
s.t. (5.40), (5.39¢), (5.54b)
> (IVEIP+SIVIIE) + 32 Vil
(i,jp)EST (i, ju)682
< P+ Z 72][3 2]D7P)7 (5546)
(1,Jp)€ST

3 (||V”D||2 —||V”D ) <P+ > A8 (VE p)Vi€ T, (554d)

Jjo€D JpeD

) 1 o
o1 (VE, Vu) > elin(1+ ﬁ)/fz‘,jmv(%m) € Si, (5:5de)
6! (Vp, Vy,p) > 1™ Vi € I, (5.54f)
gz(:;)o (VID7VU7P) > TD o V(Z7JD) = 81' <554g)

%,JD

A path-following procedure similar to Algorithm 6 can be applied to solve (5.41) as
summarized in Algorithm 7. Thanks to the following relation, which is similar to
(5.26):

Pa(Ve VG 0 0) 2 PV VY ), (5.55)

Algorithm 7 improves feasible point at each iteration and then brings a local optimum

after finitely many iterations.

Algorithm 7 Path-following algorithm for T'S optimization problem (5.41)

Initialization: Set k := 0, and choose a feasible point (VD(O), VU(O), o) that satisfies
(5.39b)-(5.39g). Set p@ :=1/a(®.

k-th iteration: Solve (5.54) for an optimal solution (Vj, VU ,p*) and set Kk 1= Kk + 1,
(VD(”), VLSH), P = (VE, V3, pY) and caleulate Pyp(V (k). U(”), 1/p*).  Stop if
[(PalV V§1/009) = PV, VE 0,100 ) /Po(VE D V0, 1/t 1) <
€.
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To find an initial feasible point for Algorithm 7, we consider the following problem:

max min {m(vg,vu)/p—r?;ga

Vb, Vu.p (i,jp)€S1

(5.56)
F:(Vo, Vu,1/p) — rin B (VE Vy,1/p) — ey;;;} . (5.41b) — (5.41c)

which can be addressed by successively solving the following convex maximin program:

max  min {ng(V ,Vu,p) — rinn @ (VD,VU,p) iin

9
Vb, Vu.p (i,jp)€S1 Tuio

. ] (5.57)
O5p (VB Vo) = (1 + ) G} - (5.540) = (5.54)
upon reaching
Fijo (Vo ), V59, al9) > v £, (V9 VD, a9)) > ppin, (5.58)
Erjo (Vo " V5, 1/p0)) > eiin (i, jp) € Sy

For the system operating in HD mode, we apply the same transmission strategy as in

Section 5.2. Specifically, we consider the following problem:

1 1
Jmax o > ;fi,jD (Vb,00) + > fi(0p, Vi, 1)] (5.59)
TR (o) iez
s.t. (5.39b) — (5.39)

1 - ..
E(Ei,jD(VE” Ou, 1/p) + Ei,jD (OD, Vu, 1)) > 621;;1, (Z,]D) e Sy, (559b)

1 min ..
5p e (Vo,0u) 2 ot (i, jp) € S, (5.59¢)

1 .

5100, Vy, 1) > r) ™M e T (5.59d)

In (5.59), DLUs harvest energy for (1 —a) of 1/2 time slot during DL transmission
and for the whole 1/2 time slot during UL transmission as formulated in (5.59b). The
constraint (5.59b) can be written by

26?1111 1
'_'7'JD<VD7VU7 ) ]D(1+ _1

- ), (5.60)

for

(Pijo (Op, Vu))

EMD (VD’ VU7p) = <(Di7jD(VD? OU)> + <CI)Z}J'D<OD7VU)> + p— 1
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5.4 Throughput QoS Constrained Energy-Harvesting Optimization

As =, j, is convex, its minorant is its first-order approximation at (V,D(”), VJ”), pl):
=i (Vo Vi, p) = 615, (Vo, 0u) + 615, (00, Vo) + A5, (Vu, p 1),

for A") (.,.) defined by (5.31) and ¢{") (0p, Vi) defined from (5.22) with both Vy and
VU“ replaced by Oy.

The problem (5.39) thus can be addressed via a path-following procedure similar to
Algorithm 7 where the following convex program is solved for k-iteration:

1

Jmax o > g (VE00.p) + > 0 (0p, Vi, 1)) (5.61a)
D;VYUP L
(4,jp)ES1 €L
s.t. (5.39b) — (5.39%)
2emin 1 -
ng (VD7 Vva) > = (1 + —)7 <Z7JD) < 817 (561b>
Gijo p—1
1 K min ..
59450 (V0. 00.p) = 0™ (i jo) € S, (5.61c)
1~ K min -
5@5 J(0p, Vuy, 1) > r2™ i e T, (5.61d)

where gl(';z) (VL, 0y, p) is defined by (5.48) with both Vy and VLE”) replaced by Oy, while
0" (0p, Vi, 0) is defined by (5.53) with both Vp and V3™ replaced by Op and both p
and p® replaced by 1.

5.4 Throughput QoS Constrained Energy-Harvesting Optimiza-

tion

We will justify numerically that TS is not only easier implemented but performs better
than PS for FD EH-enabled MU MIMO networks. This motivates us to consider the

following EH optimization with TS, which has not been previously considered at all:

S Ps(V,a é( Z):S Ei;s(VE Vy,a) st. (5.39b) — (5.39g). (5.62)
1,Jp)ES1

By defining p = 1/a, we firstly recast F; ;,(V5, Vy,1/p) as
EiajD(Vg7VU’ ]'/p) - Ci,j[) << ZjD(V >> QZ]D(VD7VU7P)>7 (563>
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5.5 Numerical Results

where Q;,(VE, Vuy,p) = %(@iij(Vg,VU)) is a convex function. Recalling that
Cbz(?D (VE,Vy) defined in (5.22) is a minorant of (®;;,(VE, Vy)), we can now address
the nonconvex problem (5.62) by successively solving the following convex program at
k-iteration:
H\l/_a;( Z Gijo <¢§3?3 (ng VU) - injD (Vg7 VU,p))
" (i.jp)eS) (5.64)
s.t. (5.39b), (5.39¢), (5.54c¢), (5.54d), (5.54f), (5.54g).

A path-following procedure similar to Algorithm 7 can be applied to solve (5.62).

For the system operating in HD mode, the same transmission strategy as in Section 5.2
is applied. Specifically, we consider the following problem:

1
H‘lfaX §(Ei,jo(vgvoU7 1/P) + Eiij(OD7VU’O>>
? ives: (5.65)

s.t. (5.390), (5.39¢), (5.39d), (5.39¢), (5.59¢), (5.59d).
The problem (5.65) can be addressed via a path-following procedure similar to Algo-

rithm 7 where the following convex program is solved for k-iteration:

Ci,‘ K K
max E =40 (9251(]?3 (V5,0u) — Qi o (Vh, 0u,p) + (ﬁ;j?)(ODa Vu))
I 2

(o) (5.66)

st (5.39), (5.39¢), (5.39d), (5.39¢), (5.61c¢), (5.61d),

where ¢\") (VE, 0y) (41" (0p, V), resp.) is defined by (5.22) with both Vy and V")

,JD ,JD

(both Vp and VD(”), resp.) replaced by Oy (Op, resp.).

5.5 Numerical Results

In this simulation study, we use the example network in Fig. 5.2 to study the total
network throughput in the presence of SI. The HD system is also implemented as a
base line for both time splitting mechanism and power splitting mechanism. DLUs
are randomly located on the circles with radius of r; = 20 m centered at their serving

BSs whereas ULUs are uniformly distributed within the cell of their serving BSs whose
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ULU (i)

o)
A
[
N
N

Figure 5.2: A three-cell network with 3 DLUs and 3 ULUs. DLUs are randomly lo-
cated on the circles with radius of r; centered at their serving BS. ULUs are uniformly
distributed within the cell of their serving BS.

radius are r, = 40 m. There are two DLUs and two ULUs within each cell. We set
the path loss exponent 5 = 4. For small-scale fading, we generate the channel matrices
H,, o from BS m to UE (4, jp), matrices H; 4, from ULU (i, ¢y) to DLU (¢, jp),
matrices Hy, g,; from ULU (m, fy) to BS i and matrices HE ; from BS m to BS i using

the Rician fading model as follows:

KR LOS 1 NLOS
H=\——H \——H :
1+ Kp - 1+ Kp ’ (5.67)

where Kp = 10 dB is the Rician factor, HX99 is the line-of-sight (LOS) deterministic

HNLOS

component and each element of Rayleigh fading component is the circularly-

symmetric complex Gaussian random variable CA/(0,1). Here, we use the far-field
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5.5 Numerical Results

uniform linear antenna array model [Cho et al., 2010] with
HLOS — 1, el I20r ,ej(N’”_l)G”"] x [1, eIl 320 ,ej(Nl_l)ei]H, (5.68)

for 0, = M, 0, = M/\n(%), where d = \/2 is the antenna spacing, A is the carrier

wavelength and ¢,, ¢, is the angle-of-arrival, the angle-of-departure, respectively. In
our simulations, ¢, and ¢; are randomly generated between 0 and 27. Unless stated
otherwise, the number of transmit antennas and the number of receive antennas at a
BS are set as Ny = Ny = 4. The numbers of concurrent downlink data streams and the
numbers of concurrent uplink data streams are equal and d; = dy = N,. To arrive at
the final figures, we run each simulation 100 times and average out the result. In all
simulations, we set P =23 dBW, P, =16 dBW Vi € Z, P, ;, = 10 dBW V(i, jy) € Ss,
Vi € T, =05 02= —90dBW, ¢ = —90 dBW, 8 = oD = 1 bps/Hz and

Z7jD
rimin — U = UrP bps/Hz. We further assume that the required harvested energy of all
DLUs are the same and egl;g = ™ /(4 jp). Unless stated otherwise, we set e™® = —20

dBm. The SI level 0%; is choosen within the range of [-150, —90] dB ! as in [Nguyen
et al., 2013, 2014; Tam et al., 2016] where o2, = —150 dB represents the almost perfect

SI cancellation.

5.5.1 Single Cell Network

Firstly, we consider the sum throughput maximization problem and the total harvested
energy in the single cell networks. This will facilitate the analysis of the impact of SI
to the network performance since there is no intercell interference. The network setting

in Fig. 5.2 is used but only one cell is considered.

Fig. 5.3 illustrates the comparison of total network throughput between the power
splitting mechanism and the time splitting mechanism in both FD and HD systems.

Though FD provides a substantial improvement in comparison to HD in both power

LAt O‘%I = —90 dB, if a BS transmits at full power (i.e. 16 dBW), the SI power is 16 dB stronger than the background
AWGN.
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5.5 Numerical Results

splitting mechanism (25.8%) and time splitting mechanism (26.1%) for N, = 2 at 0%; =
—150 dB. Note that we cannot expect a FD system to achieve twice the throughput
of that is achieved by a HD system. This is because even when the SI cancellation is
perfect, DLUs in FD are still vulnerable to the intracell interference from the ULUs of
the same cell. Moreover, DLUs and ULUs in HD are served with more BS’s antennas,
resulting in a larger spatial diversity. Consequently, FD cannot double HD’s throughput

even with the almost perfect SI cancellation.

When we reduce the number of antennas at UEs from N, = 2 to N, = 1, the total
network throughput of FD is significantly reduced by 42% for the time splitting mech-
anism and by 41% for the power splitting mechanism at o%; = —150 dB. Notably, since
UEs in FD are exposed to more sources of interference than UEs in HD, reducing the
number of antennas of UEs degrades the performance of FD more than the counterpart
of HD. Consequently, the improvement of FD in comparison to HD reduces to 16% at

o%; = —150 dB for both time splitting mechanism and power splitting mechanism.
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(a) Nr =1 (b) N =2

Figure 5.3: Effect of SI on the sum throughput performance in the single-cell networks.

Fig. 5.4 further illustrates how the total throughput is distributed into the downlink
and uplink channels in the time splitting mechanism. The behaviour of the power
splitting mechanism is similar and omitted here for brevity. =~ With the increase of

0%, the UL throughput consistently decreases. Moreover, since the UL transmission
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becomes less efficient, ULUs reduce their transmission power to reduce the interference
toward DLUs. Consequently, a slight increase in FD DL throughput is observed as %,
increases. Another note is that since the distance between ULU-DLU in small cell can
be quite small due to the random deployment of ULUs and DLUs, DLUs’ throughput
can be severely degraded by the interference from ULUs. In fact, the FD DL throughput
is 60% less than the counterpart of HD at N, = 1,0%; = —150 dB. By implementing
multiple antenna at UEs (i.e. NV, = 2), DLUs in FD can handle the interference better

and the FD DL throughput at 0%, = —150 dB is only 10% less than the counterpart of
HD.
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Figure 5.4: Effect of SI on the UL/DL throughput performance in the single-cell net-
works.

To analyze the effect of energy harvesting constraint, we fix N, = 2,02, = —110 dB

min

and vary e™®. Fig. 5.5 illustrates a consistent decreasing trend of all schemes as e™®
increases. The time splitting scheme outperforms the power splitting scheme in the
considered range of e™™ for both FD and HD. A similar conclusion can be drawn from
Fig. 5.3. By using two different precoder matrices V! and V¥ for data transmission and
energy transferring, the time splitting scheme can exploit the spatial diversity better
than the power splitting scheme which only uses one type of precoder matrix for both

purposes. Thus, the time splitting scheme is more efficient than the power splitting

scheme in term of performance.
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Figure 5.5: Effect of energy harvesting constraints on the total harvested energy per-
formance in the single-cell networks.

The comparison of maximum harvested energy of time splitting scheme in both FD
and HD systems is studied in Fig. 5.6. Interestingly, in case of N, = 1, FD roughly
harvests as much as HD. The reason of this is two folds. Firstly, it has been reported
in [Nguyen et al., 2014; Mohammadi et al., 2015; Tam et al., 2016] that FD not always
harnesses performance gain over HD if the distance between ULUs and DLUs are not
large enough. Since we consider small cell networks with randomly deployed ULUs and
DLUs, the ULU-DLU distance can be very small, which creates significant interference
to DLUs. Secondly, with N, = 1, DLUs can not exploit the spatial diversity to mitigate
the interference from ULUs. Consequently, ULUs must reduce its transmit power to
ensure the QoS at the DLUs, which lowers the amount of harvested energy at DLUs. In
contrast, the results show that FD harvests more energy than HD given that o%; < —90
dB for N, = 2. All this implies that having multiple antennas at UEs is important to

combat with extra interferences in FD.
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Figure 5.6: Effect of SI on the total harvested energy performance in the single-cell
networks.

5.5.2 Three-cell Network

Now, we consider the sum throughput maximization problem and the total harvested
energy in the three-cell networks as depicted in Fig. 5.2. In this scenario, DL.Us and BSs
are exposed to additional intercell interferences. According to Fig. 5.7, FD now only
provides a marginal improvement regarding HD in both power splitting scheme (11.7%)
and time splitting scheme (11.8%) for N, = 2,0%; = —150 dB. For N, = 1,0%; = —150
dB, the improvement is even lower with 4.1% in case of the power splitting scheme and
4.4% in case of time splitting scheme. Therefore, FD can give marginal gains compared

to HD in the multi-cell networks with high level of interference.

The effect of energy harvesting constraint to the network sum throughput is also inves-
tigated in Fig. 5.8 for the three-cell networks with N, = 2,0%, = —110 dB. As in Fig.
5.5, a consistent decreasing trend of all schemes is observed as €™ increases. Since

DLUs can also harvest energy from the signals arriving from other BSs in multicell
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Figure 5.7: Effect of SI on the sum throughput performance in the three-cell networks.

networks, the FD network throughput only decreases by about 3% for both harvesting

scheme when e™® increases from -20 dBm to -7.5 dBm. The counterpart throughput

decrease in single-cell scenarios was about 8%.

Fig. 5.9 also illustrates the comparison of total harvested energy per cell of the EH
maximization problem in both FD and HD systems in three-cell network. For N, =1,
FD even harvests lesser amount of energy than HD given o%; > —150 dB due to the
increasing level of interference when compared to a single-cell network. Similar to
the single-cell network, FD outperforms HD for ¢%; < —90 dB if more antennas are
equipped at UEs (i.e. N, = 2). This observation again emphasizes the importance of
having multiple antenna at UEs in FD to mitigate interference. Another note is that
given N, = 2 the amount of energy harvested per cell in three-cell networks (i.e. 10.09
dBm at 0%; = —150 dB) is much higher than the harvested energy of single cell in Fig.
5.6 (i.e. 8.5 dBm at 0%, = —150 dB), thanks to the extra energy harvested from the

intercell interference.
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Figure 5.8: Effect of energy harvesting constraints on the total harvested energy per-
formance in the three-cell networks.

5.5.3 Convergence Behavior

Finally, the convergence behavior of the proposed Algorithm 6 is illustrated in Fig. 5.10.
For brevity, we only present the case of the three-cell network at o%; = —110 dB
and N, = 2. Fig. 5.10(a) plots the convergence of the objective functions of the
sum throughput maximization problem for the time splitting scheme and the power
splitting scheme, whereas Fig. 5.10(b) plots the convergence of the objective function
of the EH maximization problem. As can be seen, the sum throughput maximization
problem achieve 90% of its final optimal value within 40 iterations whereas the EH
maximization problem needs 10 iterations. Table 5.1 shows the average number of
iterations required to solve each program. Note that each iteration of all programs
only involves with a convex problem with polynomial complexity which can be solved

efficiently by any available convex solvers such as CVX [Grant and Boyd, 2014].
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Figure 5.9: Effect of SI on the total harvested energy performance in the three-cell

networks.

Table 5.1: The average number of iterations required by Algorithm 6

’ Programs H Throughput max., TS ‘ Throughput max., PS ‘ EH max.

FD

74

65.4

24.1

HD

67.5

20.6

20.2

5.6 Conclusion

In this chapter, we have proposed new optimal precoding matrix designs for EH-enabled

FD multicell MU-MIMO networks. Specifically, the sum throughput maximization un-

der throughput QoS constraints and energy harvesting (EH) constraints for energy-

constrained devices under either TS or PS have been considered. The FD EH max-

imization problem under throughput QoS constraints in TS has also been addressed.

Toward this end, we develop new path-following algorithms for their solution, which re-

quire a convex quadratic program for each iteration and is guaranteed to monotonically

converge to at least a local optimum. In the end, we show the merits of our proposed
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Figure 5.10: Convergence of Algorithm 6 for e = 1074,

algorithms through extensive simulations.
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Chapter 6

Conclusions

6.1 Summary

To realize the ever increasing demand for high data throughput, massive user con-
nectivity and extended device battery life, this dissertation considers three disruptive
technologies in the 5G cellular network. Firstly, by densely deploying BSs of various
sizes and types, HetNet provides better coverage and services for a large number of UEs
in comparison to traditional cellular networks. Secondly, FD radio technology enables
devices to simultaneously transmit and receive signals on the same frequency band,
resulting in the potential of doubling the throughput. Thirdly, the new EH technol-
ogy allows BSs to transmit both information and energy toward devices on the same
channel, which potentially prolongs the battery life or even eliminates the need for a
battery via wireless charging. However, the major obstacle preventing the successful
implementation of these technologies is that they introduce even more sources of in-
terference into the traditional network where the interference management has already
been complicated. Managing interference under these technologies raises an inevitable
demand for new resource allocation schemes (i.e., power allocation policy, BS-UE as-
sociation policy and precoding matrix designs) to maximize the network performance

while meeting the QoS requirements.
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6.1 Summary

Since all the considered interference management problems are challenging nonconvex
optimization problems, this dissertation has provided novel minorants/majorants of
the nonconvex functions which are then used for the successive convex approximation
framework. Consequently, the original optimization problems can be addressed via
successively solving a low-complexity convex problem at each iteration. In Chapter 3,
the joint design of BS-UE associations and transmit power control to maximize network
total throughput or fairness among UEs in the downlink of a HetNet has been proposed.
The nonconvex backhaul constraints are considered to represent the practical low-cost
backhaul solutions of small cells. The considered problems belong to the class of mixed
integer nonconvex optimization and have been addressed by the proposed iterative
algorithms based on alternating descent and successive convex programming. Numerical
results have illustrated the effect of backhaul capacity on the BS-UE associations and

power control policy.

In Chapter 4, we firstly considered the joint design of UL and DL linear precoders in
an FD MU-MIMO multicell network to maximize the total network throughput or the
UE’s fairness. The effect of the two new additional sources of interference in an FD
network (i.e. SI and the cross interference of UL and DL transmission) on the network
throughput was also analyzed. To prevent either side of the transmission from shutting
down due to the excessive incurring interference, the throughput constraints that have
not been efficiently handled before were applied. The considered problem is nonconvex
and has been addressed by the proposed successive convex quadratic programming.
Extensive numerical results demonstrated the advantages of the proposed algorithms
over existing solutions. The FD system also has been verified to provide better spectral

efficiency than the HD system.

The proposed framework can then be extended for the optimal precoding matrices de-
sign in an HD MU-MIMO multicell network with the H-K transmission strategy. The
transmitted data information of users in this strategy is split into two parts: a pri-

vate message to be decoded at the intended receiver and a common message that can
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be decoded at both intended receiver and shared receiver. Under this strategy, the
throughput maximization problem is nonconvex since the throughput function is non-
smooth and nonconvex. The optimal precoder matrices under H-K strategy are found
via a successive convex quadratic programming algorithm that generates a sequence of
improved points. As expected, the H-K strategy offers higher performance in compar-
ison to the conventional approach where the intercell interference is treated as noise,

especially in the medium to strong interference channels.

In Chapter 5, the efficient design of precoding matrices for the network sum through-
put maximization with QoS constraints in an FD EH-enabled multicell MU-MIMO net-
work has been proposed. EH constraints were considered to guarantee a reliable wireless
charging. The considered problem with either PS or TS is challenging computationally
due to nonconcave objective function and nonconvex constraints. By adapting the al-
gorithms for the FD problem in Chapter 4, the problem with PS has been efficiently
addressed. On the other hand, it is nontrivial to extend the same algorithm to solve the
problem with T'S due to the coupling of the TS variable with both the DL throughput
function and the SI in the UL throughput function. A new inner approximation of
the original problem has been proposed to solve the problem iteratively in a succes-
sive convex programming framework. Finally, the FD EH maximization problem with
throughput QoS constraints with TS has also been addressed by applying an approach
similar to that proposed for the TS problem.

6.2 Future Research Directions

All the results presented in this PhD dissertation have illustrated that the considered
technologies in 5G provide the enhancement of network performance in terms of total
network throughput or UE’s fairness in comparison to traditional networks. However,
we have assumed here that all the control information is delivered to a central processing

unit (CPU) to do all the computation. This design creates a central point of failure.
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In addition, since all the control information is gathered at the CPU, the capacity of
backhaul links connected to the CPU must be sufficiently high. Otherwise, there will
be delay /jitter in the service. It is of great interest to investigate algorithms that allow
BS to decide their resource allocation strategy based on just local information or with
minimum information exchange among the BSs. In addition, considering imperfect CSI

is also an important future research direction.

In Chapter 3, we have assumed that all BSs and UEs are equipped with single antenna
only. It would be more efficient to consider multiple antennas at BSs and UEs. In fact,
MIMO setting will help to combat interference better with optimal precoding matrix
designs. Thanks to spatial multiplexing gain, more UEs can be simultaneously served
on the same channel. Although it is interesting to consider such MIMO HetNets, the
throughput function is involved with the determinant operation, rendering the whole
problem even more challenging. Another potential extension is to allow some small
cells to temporally turn off if they serve no UEs to reduce the interference. In this case,
since the throughput offered by a BS is divided by a number of UEs served by that BS,
a new expression of throughput function is required to accommodate the deactivation
of a BS. The structure of this new function might be very complicated to deal with

compared to that considered in this dissertation.

Finally, the power consumption problem in the future cellular network design is receiv-
ing significant attention from both industry and academia [Li et al., 2011; Han et al.,
2016; Zarakovitis et al., 2016]. Since the total energy consumed by the worldwide cel-
lular networks and wireline communications is more than 3% of global electric energy
consumption [Fettweis and Zimmermann, 2008|, improving the efficiency of the energy
usage reduces both the energy expense for the operators and the carbon footprint toward
the environment. The energy efficiency utility which is a fraction of total throughput
over total consumed energy has been proposed so that maximizing this utility will im-
prove both the spectral efficiency and the energy usage [Wang et al., 2013; Zarakovitis

et al., 2016]. The optimization problem involved with such a complicated fractional
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function as the energy efficiency utility is a challenging and interesting problem for

future research.
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Appendix A

Proof of Proposition 3.2

Firstly, notice that functions

2
Foke (X Yi) = M, k=1,....K
Y&

are jointly convex in x,; and yx. Therefore, f.ix(Xnk, yx) admits its first order approx-

imation at (mf;), y,(f)) as a lower bound [Tuy, 1998] as follows

2rnk(p)x('2 (Xnk — x(?> rok (K)\2
K K n n nk p) €, K
Y (Wi )
By replacing yj, := (x3) >0, Vk=1,..., K, we have
2
T'nk\P xn K
oo LoDl ) = E L > )
k

Secondly, since x?, — X, is a convex quadratic function, it also admits its first order

approximation at () as a lower bound as
K =X 2(25)? — wly) + (205 = 1) (e = 2l3)) = 95 (00

Therefore, we have

Pi(x,p) > P (x,p)

at a point (z*), p). This completes the proof.
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Appendix B

Proof of Proposition 3.3

To prove Proposition 3.3, we need some preliminary results first. Let us define

Gn(21,. .., 2,) = (ZJ}Z1> ) (2.1)

Theorem B.1. For xy >0, xo > 0, go(x1,x2) is a concave and monotonically increas-

ing function in (1, x3).

Proof. One has
2
921, 02) = 1 — 27/ (21 + 2)
which is concave in z; > 0, 5 > 0. Moreover, as z; ' + x5 is monotonically decreasing

inx; >0, 75 >0, go(wy,22) = 1/(x7" + 25') is monotonically increasing in z; > 0,

To > 0. [ |

Theorem B.2. The function g,(z1,...,z,) = (> i, x;l)fl is concave in x; > 0, i =

1,...,n,Vn > 1.

Proof. In Theorem B.1, we have proved that gs(x1,z2) is concave in x; > 0, x3 > 0.

Assuming that g, 1(x1,...,2,_1) is concave in z; >0, i =1,...,n — 1 for some n, we
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now show that g,(z1,...,z,) is also concave. Firstly, one has

" -1
gn(T1, .., 2n) = (Z x;l)
i=1

=Tn — LL’% (xn + gn—l(xla cee axn—l»_l
=g (Tp, gn1(x1,. .., Tp1)) .

Since go(z, y) is a concave and monotonically increasing function in (z, y) and g, (x1, . .

is assumed to be concave, we have

gn(a(zy, . 2n) + By, - - Yn))

= g2 (a®y + BYn, gn-1(a(z1, s Tn1) + BY1, -+ - Yn1)))

> go (T + BYn, n-1(21, - Tn1) + B 1Y, - Yn-1))
> g2 (Tn, gn-1(21, - -+ Tno1)) + Bg2(Yn, gn—1(Y1, -, Yn-1))
= agn(@1, - Tn) + Bga(yr, - Yn)

fora>0,>0,a+p=1and Vo; > 0,y; >0,i =1,...,n > 0. Thus, g,(x1,...,2,)

is also concave in x; >0, i =1,...,n, Vn > 2. [ |
Theorem B.3. The function In (Z?:l xi_l) 1s convex inx; >0, 1=1,...,n, Vn > 1.
Proof. Let us define f(z) = In(z). Then In (37, 2;") = —f(ga(z1,...,2,)). Since

gn(z1,...,2,) is a concave function in z; > 0,7 = 1,...,n, according to Theorem B.2

we have

gn<a(x1> s 7xn) + ﬂ(yla v 73/71)) Z &gn(xla R >$n) + 6gn<y17 o ayn)a

with « > 0,8 > 0,a+ 3 =1and Vx; > 0,y; > 0,2 = 1,...,n > 0. Moreover, since

f(z) is a concave and monotonically increasing function, we have

flgn(a(@y, .. 2n) + By, -5 Yn)))
> flagn(@y, .. 20) + Bgn(yr, - Yn))

> af(gn(®1, .. 20)) + BF(Gn(Yr, -5 Yn)).
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This shows the concavity of f(gn(x1,...,2,)). Therefore, — f(gn(x1,...,x,)) is a convex

function. m

We are now ready to prove Proposition 3.3. One can write

K K
J=1 J#k,j=1
Since In(z) is a concave function with z > 0, it is true that

K K K (k)
. —190(Pi —D;)
In ( g GniPj + a2> <In ( 5 gnjp§~ ) + 02) + Z]Kl i (]H) , (2.2)
=1

j=1 Zj:l 9njPj ~ + o’

at some point p*.

In addition, upon defining f(z) = In (Z" xfl) with @ = [z1,...,2,], x; > 0, Vi, one

=1 "1
has

" 2 — 2
f(x) > 1In (Z(ﬁgﬁ))_l) - S 1 (r) Z ( Z (k) 12 )

i=1 i@ )T\ ()
at some (), due to the convexity of f(x) by Theorem B.3. Thus, one also has the

following bound

~ NG HE SR VRN 0
In <Z$> = (ZI ) S > @) (m x(m)'
=1 i=1 =1 "1 i=1 )

It follows that

K K
m( > ) sm( S )

J#k,j=1 j#k,j=1
K
1 W2 [ 1 1
= ™) Z <gnjpj ) ( o (n)>'
D itk =t Gnily T 0% L IniPi  Gnip;
(2.3)

By combining (2.2) and (2.3), (3.20) follows. Similarly, (3.21) can be proved with minor
modifications to (2.2) and (2.3).
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Appendix C

Quadratic Forms

From (4.5) and (4.10), it is straightforward to see that
Z]D Z Hm ZJDVm ZDVm eDHTIr{'L Jb + Z HierveUVilUV HZH]D Ly + 02DINT7

(mlp)ES1 Lyel

(3.1)

Z Hon iVt Vi eUHrgzU i+ og HYT <Z Vi Vi eD> (HH)H

(m,ly)€ES2 IpED
s H:z,i(zvm ) (HE )+ o3, (32
mEI\{i} Jp€ED

Then,

O (V) = Figo (V) +2Re { (A7, Vi, = V) |

= > (Vi) B () Vo) — (VB (m) V) Y)

(m,lp)EST
N Vi) TCE (06) Vi) — (VENTEE) (00)VY), (3.3)
LyeUd
with
AP & (VIR L (VO (3.4a)
D (ty) 2 (VOYTHE, U7 (VO H,,y, ty €U, (3.4b)
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and

B~’L(§)D< ) HTI;ILZ ]D [\I/’L ]D(V(’i)) M’L jD(V(K/ )] Hm7iajD i 07 (35a>
cz ]D(eu) 2 ]D(v“ ) — M;jD(v“))} Hijou, =0, ly €U. (3.5b)
Also,
O (V) =f,(V) +2 3" Re {{(D ()", Vi, - Vi) |
lyeU
= Y UV TER (m, 09 Vo) — (VL NTER (m, 00) VL)
(m Zu)ESQ
— 03 Y {U(Vig) "FOV ) — (VYT FVE)
lpED
= 3 S UVain) G (M) Vo) = (VeI VIG (m) V) ))  (3.6)
meZ\{i} jp€D
with
EN(m,ty) 2 HIE, [0 V) = MY V] Hygyi = 0, (m,ly) €S, (3.7a)
F & (M [ (V) - M7 (V)] HEE = 0, (3.7b)
G (m) & (HE )T [0 (VW) = MYV HE =0, meZ\{i}.  (3.7¢)
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Appendix D

Proof of Theorem 4.1

Let £(V) be a linear mapping in the form (4.4) or (4.8). Now introduce the intermediate

matrix variable Y, which satisfies the following matrix inequality:
Y = L(V)LE (V). (4.1)
Let us define
g(V,Y) 2 1n|Iy, - L(V)LT(V)Y ], (4.2)

which is well-posed in the domain (4.1).

To prove Theorem 4.1, the following theorem is needed.

Theorem D.1. In the domain constrained by (4.1), function g(V,Y) is jointly concave
in (V,Y) with its differential at point (VY)Y (which is also its super-differentials
Tuy [1998]) given by

<Vg(V(”), y(ﬁ)% (V, Y) _ (V(f@)7 y(ﬁ)))

-1

~2Re {((V) — £VO)LH (V)™ £V, £(V) - £(V0)) )

H(Y® = (VO LE V)T (YL Y — Y )y, (4.3)
In particular, the following global upper bound holds on the domain constrained by (4.1):
9(V,Y) < g(V, Y®) 1 (Vg(V,Y™) (V,Y) = (VY1) (4.4
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To prove Theorem D.1, the following auxiliary lemmas are needed.

Lemma D.1 (Convex matrix inequality Rashid et al. [2014]). For the matriz-valued

mapping
h(V,Y) = L(V)Y 'LP(V), (4.5)

the following matriz inequality holds for all VAV, V@ and YO = 0, Y® = 0 and
Ae0,1]:

h(AVY, YD) + (1= 2)(VE, YD) < A(VE, YD) + (1 - NV, YR, (4.6)
Lemma D.2. On the domain 0 = S < I, the function
p(S) £ In|I; — S|
15 concave and monotonically decreasing in the sense that

©(S1) < 9(S2), VIi=S: =8 = 0. (4.7)

Proof of Lemma D.2 The fact that ¢ is concave is well known. Also (4.7) follows from
[d—SgtId—SltOthat ylelds ’[d_SQ| Z |Id_Sll [ |

With the above lemmas, we prove Theorem D.1 as follows. Proof of Theorem D.1 Note
that g(V,Y) = ¢(h(V,Y)). Therefore, whenever A € [0, 1], it is true that
g AV, YW) 4+ (1= N)(VE YD) = o(hA(VD, YD) + (1 - A) (VP YD)
> AV, YW) 4 (1= Mh(VP, Y®))
> Ap(h(VP, YW)) + (1 = Np(h(VP, Y )

= Ag(V Y W) + (1= Ng(V?, Y,
which shows the concavity of g(-). To show (4.3), rewrite g(-) as
g(V.Y)=In|Y — L(V)L"(V)| = In|Y] (4.8)
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and apply the standard differential rule for each natural logarithmic functions.

Finally, (4.4) follows from the concavity of ¢ Tuy [1998]. [

Proof of Theorem 4.1. Upon substituting

LV)€{Lijn(Vijp), Li(Vui)}, Y € {M;,(V), Mi(V)},

(4.9)
Y9 € {M 5 (V) Mi(VE)}
into (4.4), (4.23) and (4.24) follow with the notice that
fiin(V) = =9(Vijp, Y) or fi(V)=—g(Vu,Y)
under the substitution (4.9). |
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Appendix E

Proof of Proposition 4.1

Due to (4.23) and (4.24), any V feasible to (4.25) is also feasible to the nonconvex
program (4.11). Moreover, (4.25) is a minorant maximization of (4.11). As V) is

feasible to (4.25), it follows that
fpl(v(m—&-l)) > 'P{K)(V(H—H)) > Pl(ﬁ)(v(n)) _ zPl(V(n))
as far as V+D) £ V(%) Hence, (4.26) is shown.

Furthermore, the sequence {V®} is bounded by constraint (4.11b). By Cauchy theo-
rem, there is a convergent subsequence {V )}, so lir+n [Py (V) — Py (V)] = 0.
V—r+00

For every k, there is v such that x, < k and k + 1 < k,1. By (4.26), it is true that

0< lim [Py(VEDY — P (VEN] < lim [Py (VD)) — P (VED)] =0, (5.1)

K—r+00 v——+00

which shows that liril [PL(VED) — Py (V)] = 0. Therefore, for a given tolerance
KR—r—+00

e > 0, the QPI will terminate after finitely many iterations under the stopping criterion
|(Pr (VD) — Py (V) P (V)| < e (5.2)

Each accumulation point V of the sequence {V(*)} obviously satisfies the minimum

principle necessary condition for optimality Marks and Wright [1978].
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Appendix F

Proof of Corollary 4.1

We only provide an outline of this proof since it is based on Appendix D. The equality

n (4.41) is obvious because r*.(V#)) = rw W v for 2 € {c.a,pt. To prove the
( .G, P p

i.j
inequality in (4.41), it suffices to show that
rE (V) > 25V VY V, 2 € {c,a,p}. (6.1)

ZY] Z7]

We will prove (6.1) for = = ¢ only, as the proof for z = a and x = p is similar. Rewrite

ré (V) as —g(VE,, M, ;(V)) for g(VE,, M) £ In[I, — h(V§;,M)| and h(V{,;, M) £
(Vi )"HL ,M~"H;; ; V5 in the domain

UE{(Vi, M) - M- Hy, Vi (V) TH 1

ii,j
By [Rashid et al., 2014, Appendix C], A(.,.) is convex-valued in U, i.e.,
ah(VE;, M) + BA(VE M®)
= ha(Vi; M) + BV M®)),
foralla > 0,8 >0,a+ 8 =1. It follows that
M) + B(VE)"”, M)
> In[Iy, — ah(VE,, M) — BR(Vi" M®)|

Zj’

g9(a(V7

1,57

> aln|Iy, — h(VE;, M)| + Sln|Iy, — A(Vi”, M)

’L]7

ag(V§,, M) + Bg(Vir M©®),

1,57
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i.e. g(.,.) is concave in Y. And therefore, we have [Tuy, 1998]

INE M) - g(Vf:](H), M("i))
< (Vg(VEr), MW), (Ve M) — (ViiP, M®))

= —2Re{(H/} ,(M®)'VI{"H, 5, Vi — Vi)

9(V;

+ <(M("€) — H%L]VZC:J(H) (Vi}(’{))HHfZJ)_l
- (M(R))_17 M — M(n)%

which is (6.1) for M = M, ;(V) and M® = M, ;(V).
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