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Abstract

This dissertation aims at establishing optimal power allocation/control schemes to
achieve maximal system utilities in a multi-carrier communication system, such as a
digital subscriber line system and open spectrum wireless network. In such a system,
users share tones to enhance the efficiency of spectrum usage due to its scarcity.
However, this brings the system’s intrinsic problem of inter-user interference, which
has a crucial impact on communication quality. Therefore, the goal is to eliminate or
diminish the impact of interference on the achievable data rate, which is a conventional
measure of a user’s communication quality. Based on the users’ achievable data rates,
system utility is defined. Hence, the goal comes to finding power allocation that
can maximize the system utilities. According to different system requirements, we
consider three system utilities: the weighted sum rate, “user capacity” and harmonic
mean rate. For each utility function, we develop an efficient algorithm designed
according to the features of the corresponding utility function.

Spectral Spectrum Balancing (SSB) aims to maximize the first goal (weighted
sum rate). The algorithm partitions the N tones into three sections and efficiently
determines the tones that lie in each section. Appropriate signalling structure is
imposed on each section: The first section where the tones for which the crosstalk
coefficients are small uses iterative water filling signalling method, the second section
consists of tones with intermediate crosstalk coefficients and uses a delicate method
to identify the user pairs that should share tones and Lagrangian method to allocate
the power, and the third section where users suffer large crosstalk coefficients uses a
dual FDMA algorithm.

While weighted sum rate is a popular measure of system utilities, we introduce
“user capacity”, which is a more practical goal of commercial service provider’s. “User

capacity” denotes the maximum number of users that can be supported by the sys-

il



tem, provided that each user is guaranteed a data rate that lies within a prescribed
range. However, allocating power directly to approach this capacity can be quite
cumbersome because it involves solving an integer programming problem which is
NP-hard. In order to circumvent this difficulty, an alternate approach is proposed
that is based on exploiting the fairness and per-tone convexity of the harmonic mean-
rate objective. Thus an iterative scheme is proposed to approximate the harmonic
mean rate objective function based on its Taylor expansion. We further exploit its
convex lower bound, the dual form of which can be decomposed into several con-
vex problems decoupled across tones. We show by broad simulation results that the
algorithms we develop serve their purposes and outperform existing counterparts.
We further consider the case when a malicious jammer is presents in the system,
where the jammer’s goal is to minimize the total sum of the rates communicated over
the network. Each user, on the other hand, allocates its power across the N tones
so as to maximize the total sum rate that he/she can achieve, while treating the
interference of other users and the jammer’s signal as additive Gaussian noise. For
this non-cooperative game, we propose a generalized version of the existing iterative
water-filling algorithm whereby the users and a jammer update their power allocations
in a greedy manner. We study the existence of a Nash equilibrium in this non-
cooperative game as well as conditions under which the generalized iterative water-

filling algorithm converges to a Nash equilibrium of the game.
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Chapter 1

Introduction

This PhD dissertation focuses on resource allocation in multi-user communication
systems. Our motivation is that the cost of communication hardware resources ac-
counts for a significant portion of the cost of a communication system in practice;
efficient use of resources is important to improve system profits. The resources that
are most important in practice are power, time slots, and frequency bandwidth. Op-
timal /near optimal power allocation algorithms designed in PhD dissertation under
various system requirements significantly improve system performance and efficiency.
Additionally, the behaviors of the users in allocating power are also studied from a

game theoretic perspective.

1.1 Multi-User Communication Systems and Dy-
namic Spectrum Management

Digital subscriber lines (DSL), frequency-sharing wireless networks, and broadcast-
ing TV channels are some real-life examples of the types of multi-user communication

systems considered. They have several distinct characteristics as opposed to tradi-



tional systems with fixed resource assignment, such as mobile communication systems.
First, there are multiple pairs of users requesting resources from the system. Each
user pair is comprised of a transmitter with limited power budget and its designated
receiver wishing to receive information from the transmitter. One can think of a
room full of guests, where each of individuals wants to talk to another particular
individual. Second, users have full access to all communication resources (e.g. time
and spectrum) so as to enhance the efficiency of the system resource usage. Return-
ing to the party example, all conversations desire to take place simultaneously. The
advantage is that everyone can talk throughout whole party instead of waiting for a
segment of time. However, this sharing nature of the system results in interference
among users that significantly decreases the system’s performance. Using the previ-
ous example, the party may be so loud that no conversation can be clearly heard.
Therefore, controlling users’ power when sharing resources is crucial in the multiuser
communication environment because users transmission power has critical influence
on the overall communication quality.

Conventionally, communication quality is evaluated by the signal to interference
and noise ratio (SINR) or signal transmission rate, both of which are directly related
to the users’ power. Intuitively speaking, when users are sharing channels, the trans-
mission power of one user affects other users’” SINRs or transmission rates. More
precisely, the SINR and signal transmission rate of one user increase when transmis-
sion power of this user increases and it decreases when those of other users increase.
So raising one user’s power increases the communication quality of this user and si-
multaneously decreases communication quality of other users. In an analogy of the
party analogy, raising one’s voice can make ones conversation clearer but may disrupt
others’ conversations. Therefore, in order to use resources most efficiently and main-

tain transmission quality in a network, system designers need to carefully balance



power among users. That is, system designers manage users’ power and provide users
in the network with satisfying quality of communication. Therefore a power control
scheme is needed to serve this purpose and control the power used by each user in
the network.

Recently, power allocation has drawn a vast range of research interests in the
context of Dynamic Spectrum Management (DSM). Dynamic spectrum management
is a set of techniques that manages users in a way that they can efficiently share
a common spectrum in communication systems. The research and development of
DSM is widely based on optimization theory and game theory. Historically, a fixed
bandwidth is assigned to each specific service and results in inefficient utilization
of the spectrum. With the help of DSM, the spectrum is shared by users, which
significantly increases the spectrum’s efficiency without sacrificing communication
quality. DSM can be used in DSL by continuously monitoring the interference among
users and dynamically allocating users’ power across frequency to reduce or eliminate
the interference. The use of DSM in DSL is important because DSL systems are
broadly used for domestic internet service and significant interference exists because
DSL phone lines are closely bound together. Other than DSL, another potential use
of DSM is on open spectrum communication system which permits any device to send
signals across a certain spectrum range (unlicensed bands) without permission. This
system scheme facilitates mobility and efficiency, and offers an attractive solution to
the under-utilized traditional licensed bands. However, it requires spectrum sharing
and causes interference. A common scenario in open spectrum systems is that new
wireless devices (or secondary users) are able to recognize and access idle spectrum
(currently not used by primary users). Therefore, secondary users should comply
with regulations so as not to disrupt the communication of primary users. One

example is the unused TV broadcast channels, which are also called white spaces.



Recently, the Federal Communication Commission (FCC) has approved the use of
unlicensed devices to operate on the empty analog TV channels in anticipation of the
transition to digital TV. While this potentially provides users with more access to
cheap spectrum, it also gives rise to interference caused by spectrum sharing among
these unlicensed devices. Therefore, strict interference regulation is required in order
to guarantee the quality of service provided by the unlicensed devices as well as the
licensed TV broadcasters. DSM is an effective tool that providers can utilize to handle
the interference regulation.

In the context of DSM, system requirements are usually formulated into objective
functions of optimization problems with power constraints such as total power con-
straints and spectrum mask constraint. For example, in [1], [2] and [3], the weighted
sum rate of the system is considered as the objective of optimization. Optimization
techniques are utilized to solve the problems in an efficient way with relative low
complexity. The utilization of game theory in DSM originates from the fact that the
users’ competitive behaviors can be effectively modeled by a non-cooperative game
with the users’ optimization objective as the payoff function in the game [4]. The
game theoretic point of view on this traditional signal processing problem gives rise
to many interesting aspects of the problems. In [5], [6], [7] and other numerous other
studies, a variety of games based on the model proposed in [4] and the properties
of their Nash equilibria are studied. In a typical game-theoretic formulation, each
user is a player in the game and maximizes its own utility, which is usually its data
rate. The users compete with each other and adjust its power allocation given the
knowledge of other users’ power. The data rate function is concave for the user when
the others’ power is fixed. So there is usually a Nash equilibrium in the game and
the Nash equilibrium is unique under certain conditions. A more interesting case in

the game is a system with the presence of a jammer. The disruption caused by the



jammer arises the questions on not only the games and Nash equilibira but also on
the stability of the system and the jammer’s damage to the system. We have included

a thorough study on this topic in Chapter 5.

1.2 Power Allocation and Interference Reduction

This research emphasizes power allocation over system spectrum since spectrum is
a scarce and valuable resource that is currently under utilized due to conventional
static tone-assignment policies. In FCC Policy Task Force Report, it is stated that
”... portions of the radio spectrum are not in use for significant periods of time” and
”... typical channel occupancy was less than 15%...”. This inherent drawback of static
tone-assignment has been a fundamental reason behind utilization of DSM in DSL
systems and the emergence of unlicensed open-spectrum communication systems [8,9].
In these systems the spectrum is typically partitioned into N narrowband orthogonal
tones and all users are allowed to use all the tones simultaneously. In comparison
with the fixed tone-assignment policies, this setup offers significantly greater freedom
in utilizing the spectrum. However, this freedom comes at the expense of a number
of challenges that ought to be taken into consideration by the system designer. In
particular, the inherent spectral overlap in these systems gives rise to so-called multi-
user interference, which is a limiting factor for multi-user communication systems.
Therefore, one of the major challenges in designing such a system is to manage users’
power in a way so that users can achieve satisfying functionality and cause limited
interference to other users.

In order to determine the power that each user allocates to the IV tones, the system
is typically managed by a system designer that has information about the channels

and users’ power. In a typical scenario, each user has a limited power budget and



the system designer wishes to determine the power that each user ought to allocate
to each tone in order for the system to achieve the maximum system utilities [10]
(such as individual users’ rates, weighted sum rates, harmonic mean rates, min rate
utilities), the choice of which is tailored to specific system requirements. We study
maximum sum rate and harmonic mean rate. The reason for choosing these two
utilities is, briefly speaking, that they accommodate maximum system throughput

and user fairness, which are the most common system requirements.

1.3 Sum Rate Optimization

The problem of finding power-allocations that maximize the sum-rate was shown
in [11] to be NP-hard. This problem can be solved exactly using the optimal spec-
trum balancing (OSB) algorithm developed in [2]. However, the computational cost
of this algorithm is quite prohibitive, which makes it suitable only for systems with
small numbers of users and tones. A less complex algorithm that can be used for
more practical systems is the so-called autonomous spectrum balancing (ASB) algo-
rithm [3]. This algorithm provides an approximate solution to the power allocation
problem and requires side information that may be difficult to acquire. Both the OSB
and the ASB algorithms share common drawbacks. For instance, neither algorithm
can be readily tailored to optimize alternative design objectives, nor to incorporate
other design constraints. Moreover, neither algorithm takes fairness into considera-
tion. In particular, both OSB and ASB tend to allocate power in such a way that
favors stronger users over weaker ones. There are other popular decentralized algo-
rithms that locally maximize rate objectives such as IWFA [4] and SCALE [12], with
which we will compare our proposed algorithms in the simulation section.

We first develop a computationally efficient algorithm for approaching the maxi-



mum sum-rate of DSL systems based on its spectral features. Unlike currently avail-
able algorithms, the proposed algorithm partitions the tones into sections and imposes
a signalling structure on each section. This signalling structure facilitates the opti-
mization of the power allocations in each section. We begin by recalling a result
from [13]. This result implies that if the crosstalk coefficients between users exceed
a certain threshold on some tones, then these tones ought to be operated in a fre-
quency division multiple access (FDMA) mode in order to approach the maximum
sum-rate of the DSL system. That is, none of these tones ought to be occupied by
more than one user. We also note that if the crosstalk coefficients between users are
close to zero on some tones, then, from a sum-rate perspective, it may be beneficial
for the users to share these tones. These observations suggest that, in a general DSL
system, one can use the crosstalk coefficients to partition the tones into sections and
utilize a different optimization technique on each section. In particular, we propose to
partition the tones into three sections, where the membership of a tone in one of the
sections depends on whether crosstalk coefficients on this tone lie below, in between
or above two thresholds. In this disseratation, we determine these thresholds by us-
ing a quasi-bisection optimization technique for relaxing the (somewhat stringent)
thresholds provided in [13].

Assuming that each user allocates a certain power budget to each section of tones,
we deploy an optimization algorithm that is suitable for maximizing the sum-rate for
the signalling structure in each section. In particular, for the section in which the
users suffer strong cross-talks, we use the FDMA sum-rate maximization algorithm
developed in [13]. This algorithm is computationally efficient due to the fact that
it exploits the FDMA structure to decouple the Lagrange dual formulation across
tones. Now, for the section in which the crosstalk coefficients are close to zero, we

use the classical iterative water-filling algorithm (IWFA) [4]. In each iteration of this



algorithm, each user updates its power allocation so as to water-fill [14] on the noise-
plus-interference levels observed in the previous iteration. Finally, we consider the
section of tones in which the crosstalk coefficients assume intermediate values that
are neither large enough to operate the tones in an FDMA mode nor small enough to
operate the tones in an IWFA mode. In this section, we propose using the Lagrange
dual algorithm described in [15] along with a scheme that refines the partition of the
users. This algorithm iteratively updates the primal and the dual variables using
a standard gradient ascent algorithm. As we will see, the fact that this algorithm
generates the dual solutions as well as the primal ones can be very useful for our
power allocation algorithm. Finally, we develop a greedy technique for determining
the power that each user allocates to each of the three sections. In particular, in each
iteration of this technique, a sensitivity analysis is used to determine the section of
tones that yields the highest sum-rate gain for a given power increment. This sensi-
tivity analysis utilizes the Lagrange dual variables which are readily obtained from
the algorithms deployed in the three sections; viz., the FDMA sum-rate maximization

algorithm, the IWFA algorithm and the Lagrange dual algorithm.

1.4 User Capacity and Harmonic Mean Objective

In the second part of the research of power allocation, we direct our attention to the
problem of maximizing the number of users that can be accommodated by a system
where users are categorized into groups according to the quality-of-service that they
purchase from the system provider. The reason for considering this utility function
is that the more users a system accommodates the more revenue it brings. However,
this design objective is integer-valued and hence generally difficult to handle directly.

As an alternative, we consider a design problem in which we maximize the harmonic



mean of the users’ rates.

The objective of maximizing harmonic mean rate possesses two desirable features:
first, from the users’ perspective, this objective is known to be fairer than maximizing
the sum-rate [11]; second, for single-tone systems, maximizing this objective can be
cast as a convex optimization problem for which the global solution can be obtained
efficiently. The first feature renders the harmonic mean a natural design objective
for maximizing the number of users. This is because for one to be able to compare
the number of users that can be supported by two systems, one ought to guarantee
that the users obtain the same service in both systems. The second feature, on the
other hand, enables us to design an efficient algorithm that exploits the per-tone
convexity to provide power allocations that yield relatively high harmonic mean-
rates. In particular, we begin by providing a lower bound on the harmonic mean-
rate, which results in a per-user per-tone harmonic mean formulation. Using the dual
form, we decompose the problem of maximizing the lower bound into several convex
optimization problems. These problems are not coupled across tones, and hence
result in low design complexity. This feature renders this algorithm attractive for
practical application in systems with a large number of users and tones. Furthermore,
in developing this algorithm we show how to incorporate different quality-of-service
levels. With the quality-of-service guaranteed, we run an outer (quasi-bisection)
algorithm for maximizing the number of users. In particular, for every number of
users (with associated crosstalk coefficients), we solve a feasibility problem which
serves as an indicator to whether this number of users can be supported by the
system with the prescribed quality-of-service levels.

In contrast to solving harmonic mean function per-user per-tone previously de-
scribed, we advance our research by considering the problem of maximizing the regular

per user harmonic mean function over all tones; this is known to obtain fairer data



rates to users while allowing the system designer to provide the quality of service
guaranteed to system users. Nonetheless, the harmonic mean rate objective func-
tion is NP-hard in general. Therefore we should resort to an efficient approximation
algorithm to solve this problem for practical use. We utilize the first order Taylor
expansion as well as its convex lower bound. Based on the Taylor expansion, we make
a connection between the weighted sum rate and the per-user harmonic mean, and
draw insights based on the solution of harmonic mean to assist us to design a novel
algorithm. This algorithm exploits the per-tone convexity to optimize the originally
non-decomposable and computationally expensive harmonic mean objective function
and provide power allocation strategies that yield close to optimal harmonic mean

rate.

1.5 Open Spectrum System and Jamming

As mentioned in previous sections, the system we consider allows multiple users to
access the shared spectrum simultaneously and freely. This feature renders these
systems susceptible to antagonistic behavior of potential jammers, who may be in-
terested in reducing the utility of the entire system.! For example, a jammer may be
able to ‘listen’ to the users’ transmissions, and then subsequently updates its power
allocation across tones in order to reduce the total sum rate communicated over the
network. As such, the procedure of both the users and the jammer can be represented
as a non-cooperative game [16] in which players are interested in maximizing their
individual utilities in a selfish fashion. Since the impact of the jammer’s signal can be
deleterious to the overall system performance, our goal is to study Nash equilibrium

of this sum rate game and subsequently the jammer’s effect on the achievable system

'In this dissertation, the sum rate of each user across tones will be referred to as the utility of
the user, and the sum of utilities of all users will be referred to as the system utility.

10



utility. We also wish to analyze the convergence behavior of a generalized version of
IWFA for this non-cooperative game in which users and the jammer sequentially up-
date their power allocations in a greedy manner to maximize their respective utilities.
The distributed nature of IWFA makes it an attractive power allocation strategy not
only in open wireless communications but also in multi-carrier communications such
as DSL.

Convergence analysis of the IWFA algorithm were developed in [5] and [11] for
synchronous systems and for asynchronous systems in [17] and [18]. While IWFA is
a popular decentralized power allocation algorithm that individual users may use to
locally maximize their rate objectives, other decentralized strategies were proposed
in [6,19-21] for various utility functions in the jammer-free case. In the presence of
a jammer, single-user systems in which the jammer’s goal is to minimize the mutual
information of the ‘legitimate’ user were considered in [7] and [22]. The jammer’s
impact was also studied in [23] and [24] for multi-user single-tone communication
systems in which the users’ utilities are not directly related to rate maximization.

The remainder of the dissertation consists of five sections: In Section 2, we in-
troduce the multi-user communication system and formulation of the data rate and
system utilities. In Chapter 3, we study sum rate system utility and develop a power
allocation scheme based on structure feature of DSL system. Chapter 4 focuses on
harmonic mean rate utility and its advantages on user fairness as well as number of
users served in a system. In Chapter 5, we study the system with a jammer from the

game theoretical perspective based on [25]. Chapter 6 concludes this dissertation.

11



Chapter 2

System Model and Problem

Statement

2.1 Multi-user Communication Systems

In this section we define the fundamental system model in this dissertation. The
system we consider is a multi-user communication system in which N tones are shared
by K users. Here a "user’ refers to a transmitter and receiver pair that attempts to
communicate. (In a DSL system, a ‘user’ may refer to a central office (CO) or a
remote terminal (RT) that transmits data to a modem at the subscriber’s end.)

Let AJ, be the complex channel gain between the transmitter of User j and the
receiver of User k on the n-th tone, where n € N 2 {1,...,N} and 5,k € K 2
{1,..., K}. In this notation A}, denotes the channel gain between the transmitter of
the k-th user and its intended receiver and a7, 2 W7 /| b |? denotes the normalized
channel gain or crosstalk coefficients. Let s} be the power allocated by User £ to
the n-th tone. Thus User k’s signal power and interference power can be written as
|kl st and 370 |h[?s], respectively (see Figure 2.1 for an illustration of signal

YR
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Figure 2.1: Interference Channel System

and interference power in a 2-user communication system). Assuming that each user
uses Gaussian signalling and that every user can only decode its intended messages,

the maximum rate that User k£ € K can achieve on the n-th tone is given by [14]

STL
RY(st, . s) = log (14— — ), (2.1.1)
o * O+ Dtk OG5

where o}’ 2 N, /|hi]? denotes the normalized noise variance observed by User & on
the n-th tone, and N, is the variance of the background Gaussian noise. Now, the
total rate Ry, of User k is given by S°°_ RI(s?,...,s%), and it is the maximum rate
that can be reliably transmitted over the communication channel [14]. In the next

section, we will define our system utilites based on this achievable rate.

2.2 System Ultilities

There are several commonly used choices of system utility functions based on the

achievable data rate defined in (3.1.1):

(i) Weighted sum of the rates of all tones and users: S SV R

13



(ii) Geometric mean of the rates of users’ individual rates: (Hszl Rk) ?;
-1
(iii) Harmonic mean of the rates of users’ individual rates: K (Zille (Rk)_1> ;

(iv) Minimum of the the rates of users’ individual rates: min<,<x Ry.

In this dissertation, we focus on the utility function (i) and (iii). In addition
to the above utilities, we define a new utility function in this dissertation called
‘user capacity’, which is the maximum number of users a system can support with a
prescribed minimum rate. In Chapter 4, we provide details on how to interpret this
utility and solve optimization problems with this utility function as objective.

In the following, we will focus on sum rate utility, maximum number of users
utility and harmonic mean rate utility to accommodate different system requirements.
We aim to provide suitable utility functions and the corresponding algorithms for
specific system requirements. For example, sum rate utility is chosen when the system
designer requires maximum system throughput (Section 3), maximum number of users
utility is used when the system designer desires to serve as many users as possible with
the prescribed minimum rate (Chapter 4), and harmonic mean carefully balances both
aspects and provides weaker users fairer rates compared to sum rate and other utility
functions (Chapter 4). Furthermore, in Chapter 5, we study the behaviors of users
with individual rate utility. That is, each of the users has individual rate 25:1 R}
as its utility function and aims at maximizing its utility selfishly. We also study this
case with the presence of a malicious jammer in terms of the system performance and

its stability.
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Chapter 3

Power Allocation for Sum Rate

Objective Function

3.1 System Model and Problem Formulation

Consider a DSL communication system (Figure 3.1 shows a DSL system topology),
in which IV tones are shared by K users. Let hJ, be the complex channel gain
between the transmitter of User j and the receiver of User k on the n-th tone, where
neN2{1,... N}and jk € K 2 {1,...,K}. In this notation A7, denotes
the channel gain between the transmitter of the k-th user and its intended receiver.
Let the crosstalk coefficient from User j to User k on the n-th tone be denoted
by o, 2 |W7 2 /Ihi|?, and let s} be the power allocated by User k to the n-th tone.
Assuming that each user uses Gaussian signalling and that every user can only decode
its intended messages, the maximum rate that User £ € I can achieve on the n-th

tone is given by (see [14]).

n

st >
F(a,? + Z#k oz;?ks;?) ’

RI(s™, ... s%) = 1og(1 + (3.1.1)
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Figure 3.1: A DSL System Topology

where o}’ 2 N, /IR )? denotes the normalized noise variance observed by User k on
the n-th tone, Ny is the variance of the background Gaussian noise, and I' is the
so-called capacity gap, which is typically used to account for the non-Gaussianity of
the signalling constellations used in practice [3].

Now, the system designer’s goal is to find the power allocation that maximizes
the over all sum-rate Zszl ZnN=1 R} (st,...,s%), provided that the total and per-
tone powers utilized by each user do not exceed certain thresholds. In addition,
the system designer may wish to enforce a bit-cap B} in order to ensure that the
rates communicated on each tone can be supported by commercial modulators [2].

Using these constraints, it can be shown that the power allocation problem can be
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formulated as

max Zszl ZiV:lRZ(Srll> ) S?{)a (3123“)
subject to SN st < P, YV E, (3.1.2b)
0 < s < Shar VEn, (3.1.2¢)

fid -1 n n ,n n
(278 = 1) sp = 2 st < op, YV k,n, (3.1.2d)

where Py, Si,., and By are the total power budget, the spectral mask and the
bit-cap of User k on the n-th tone, respectively. Note that (3.1.2) is not a convex
optimization problem even though the constraints (3.1.2b), (3.1.2c) and (3.1.2d). are
linear. The non-convexity of the problem comes from the fact that the objective

function is non-convex. We will further examine the properties of the optimization

problem and propose an efficient algorithm to solve this problem.

3.2 Problem Decomposition

Solving (3.1.2) directly is known to be NP-hard [26], which makes the task of finding
a global optimal solution rather formidable even for relatively small systems. As an
alternative, we propose to use inherent features of the optimal solution [1] in order
to decompose (3.1.2) into three subproblems that are relatively easy to solve. The
major reason that makes partitioning the problem into three subproblems possible is
that DSL system possesses a very special spectrum feature, that is, the cross-talks are
small when frequency is low and large when frequency is high. Figure 3.2 shows the
cross talks versus frequency, where 71”7 presents low frequency area, 72" represents
medium frequency area, and ”3” presents high frequency area. This relation between

frequency and cross-talks leads to our method of partitioning spectrum and treating
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low, medium and high frequency bands differently. In the next sections we will

describe our partitioning methodology.

3.2.1 FDMA-operated Tones

Let F C N be the set of tones for which

afap; > -6, Vji#kek, (3.2.3)

where &; € [0,1] is a designed parameter to be determined. Let Py, be the power
allocated by User k € K to the tones in F. In order to understand the role of ¢y,
we note that one of the key results in [1], implies that if §; = 0, then all the tones
in F must be operated in an FDMA mode in order for the maximum sum-rate to be
approached. However, since this condition is only sufficient, in some scenarios it may

be too stringent and higher sum-rates can be obtained if more tones are operated
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in an FDMA mode. Hence, by operating the tones in F in an FDMA mode, J; can
be regarded as a parameter for relaxing the condition in [1].! For a given Pry, the
algorithm in [27] can be used to find power allocations that maximize the sum-rate
achieved on the tones in F. This algorithm exploits the FDMA structure to decouple
the power allocated across tones by assigning each tone to the user with the “so-
called” highest ‘shadow rate’. For a target precision of ¢, the complexity of this

algorithm can be shown to be O(K?log?e;) [1].

3.2.2 IWFA-operated Tones

For this section, let W C N — F be the set of tones for which

oy <0y, Vj#FkEK, (3.2.4)

where 0, < i — 01 is a parameter that plays a role similar to the one played by d;

in (3.2.3). Let Py be the power that User k& € K assigns the tones in WW. Now, if

for the tones in W, a7 = ap; = 0, then 2 can be set equal to zero. Since in this
case the users are completely decoupled, the maximum sum-rate can be achieved by
classic water-filling [14]. However, in practice it is rarely the case that the cross-talk
coefficients are exactly equal to zero, and W will contain those tones with small, but
positive, cross-talk coefficients that satisfy (3.2.4) with sufficiently small §;. In this
case, the maximum sum-rate on W can be approached by using the iterative, instead
of the classic, water-filling algorithm (IWFA) [4]. The complexity of this algorithm is

O(K N log?¢;). Similar to 6;, the value of §, should be adjusted in order to maximize

the sum-rate of the DSL system.

Note that while (3.2.3) gives a sufficient FDMA optimality condition for any K > 2, a tighter
condition can be used for K = 2; see [1].
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3.2.3 Tones with Unstructured Signalling

Finally, let M C N —(FJW) be the set of tones on which the crosstalk coefficients do
not satisfy either (3.2.3) or (3.2.4), and let Ppy be the power allocated by User k €
IC to the tones in M. Since the crosstalk coefficients on M assume intermediate
values, the optimal signalling structure on M does not necessarily resemble any of the
standard signalling patterns. Hence, we settle for power allocations that are locally
sum-rate optimal. Such allocations can be found using the standard the primal-
dual updates algorithm described in [15]. Similar to IWFA, the complexity of this
algorithm is O(K N log®¢;). In Section 3.5, we propose an advanced method to deal
with this case with the help of the approximate max-clique algorithm to pair up the

users that are compatible and solve the problem in a pairwise case.

3.3 Power Budget Partitioning

In the previous section a framework for partitioning the /N tones into F, W, and M
sections was presented. The powers allocated by any User k& € K to these sections are

Pr i, Py, and Py, respectively, where for (3.1.2b) to be satisfied, we must have?
P}:k + Pw,k + P/\/Uf = P,. (335)

Our goal now is to find locally optimal Pr j, Py k, and Py that enable the maximum
sum-rate of the DSL system to be approached. In order to do that, we begin by
introducing the following definitions. Let the k-th entry of A; = [Ajq---A; k| be
an additional power by which User £k increments Prj and Py for i« = 1 and 2,

respectively. With A, ; defined as such, satisfying the power constraint in (3.3.5),

2Tt can be seen that if each user occupies at least one tone in F the optimal solution of (3.1.2)
must satisfy (3.1.2b) with equality.
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implies that the decrement of Py is Agy = —Z?zl A; . For given Pry, Py,
and Py, let g1(Ay) be the (locally) optimal sum-rate on the F tones for a power

increment A;. That is, for every (sufficiently small) A;, ¢g;(A;) is the solution of

max . x> pecB (3.3.6a)
subject to  (3.1.2¢) and (3.1.2d), Vn € F, (3.3.6Db)
Zne}'sz — P]:Jg = ALk‘a VEkek. (336(3)

Similarly, one can define go(Ay) and g3(Ags) for the sum-rates on the W and M tones,
respectively. We note that, apart from the constraint in (3.3.5), the optimization
problems that correspond to the functions {g;(-)}?_, are decoupled. Moreover, each
of these problems can be solved efficiently using the techniques outlined in Section 3.2.

For brevity, we will focus on g;(A;), and the analysis for the other two functions
follows similar paths. Let us consider the Lagrange dual form of (3.3.6). For this
dual let k-th entry of A;(A;) € RE be the Lagrange dual variable that corresponds
to the k-th constraint in (3.3.6¢). Now, using the sensitivity theorem in [15, Propo-
sition 3.2.2], we have

Vag1(Ar) = =Ai(Ay). (3.3.7)

This implies that the k-th entry in A;(A;) can be used to quantify the increase in
the sum-rate of User k& on F that corresponds to a power increment of A; . Using
a similar observation, the Lagrange dual vectors A;(A;), ¢ = 2,3 can be used to
quantify the additional sum-rate that each user can obtain by increasing its power
budget by a small A; x, ¢ = 2,3, on the W and M tones, respectively.

Now, for any initial power partition for which (3.3.5) is satisfied and power incre-
ment vectors {A;}3_;, a (local) maximum of total sum-rate that can be achieved on

the F, W and M tones is given by Z?Zl g:(A;), and the the sum-rate increase that
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corresponds to increment vectors A; and A, is

Va, (Z?:lgi(Al)) =A3— A, and (3.3.8a)

Va, (Z?:lgi(A2)) = A3 — Ay, (3.3.8D)

respectively. Notice that in writing (3.3.8) we have used the fact that for the power
partitions perturbed by A;, ¢ = 1,2, 3, to satisfy (3.3.5), Z?Zl A; =0.

Using (3.3.8), we can now use a standard gradient ascent algorithm to find power
partitions that yields (locally) maximum total sum-rate. In order to do that, let the
k-th entry of P(f”), P%) and P%) € RE, be the v-th iterates of the power partitioning
of the k-th user on the F, W and M tones, respectively, and let }\Z(-V), 1 =1,2,3 be
the Lagrange dual vectors generated by the algorithms outlined in Section 3.2; viz,
FDMA power allocation algorithm described in [27], the IWFA algorithm [4], and the
primal-dual updates algorithm [15], respectively. The steepest ascent algorithm for

updating the power partitions can now be expressed as

Pgﬂ) _ PE;) (A — Ar), (3.3.9a)
PUH = PY) 4 (Mg — Ag), (3.3.9b)
PS\l:lH) _p_ PE;H) _ P%H), (3.3.9¢)

where P € R is the vector of the power budgets of the K users in K, and p1, pa > 0
are two (diminishing) stepsizes. Our Structured Spectrum Balancing (SSB) can be
summarized using the flow chart in Figure 3.3. As shown in this chart, the tone
allocation parameters 6; and 0y in (3.2.3) and (3.2.4) are determined using a two-
dimensional bisection search with convergence accuracy €,. For the steepest ascent

algorithm, we used a convergence accuracy €;. Using the complexity orders given in
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Figure 3.3: A Flow Chart of the SSB algorithm
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Section 3.2, and the exponential convergence of the bisection method, one can show
that the complexity of the SSB algorithm is O(NP(QKN + K?)log® €5 log® 61), where
Np is the maximum number of iterations of the gradient ascent algorithm.

It is worth mentioning that since the power partitioning problem is not convex,
the performance of the algorithm in (3.3.9) depends, in general, on the initial power
partitions, PSS), Pg/?,) and Ps\o/z. In order to generate ‘good’ initial partitions, we begin
by assuming that a7, is zero for all n € N and j # k € K. In this case the optimum
power allocation is given by the classic water-filling technique. Denoting the power
allocated by User k to the n-th tone by SZ’O, we choose the k-th entries of the initial
power partitions to be P}% = > st Py(g?k =3 owst?, and P/(ng = P —
P}? L — Pég?k. Our extensive numerical experiments have shown that this initialization
procedure typically results in sum-rates that are close to the optimal ones achieved

by the significantly more complex OSB algorithm.

3.4 Numerical Results for SSB

In this section we compare the sum-rate and the power spectral density (PSD) ob-
tained by OSB, IWFA and SCALE with the sum-rate and PSD obtained by the
proposed SSB. Due to the prohibitive computational complexity of OSB, we restrict
our attention in this example to a 2-user scenario and a 256-tone DSL system. The
crosstalk coefficients and spectral masks of this system were generated using a prac-
tical DSL simulator.® In particular, we simulated a scenario with one 5 km Central
Office (CO) line and one 5 km Remote Terminal (RT) line, where the distance be-
tween the CO and the RT was taken to be 2.5 km. The overall power budget of both

users was set at 20 dBm, the capacity gap, I', at 15, the background noise variance

3This simulator was provided by R. Cendrillon of Huawei Tech. Co. Ltd.
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at -140 dBm/Hz, and the bit-cap at 15 bits per tone.

For this scenario, IWFA and SCALE achieve relatively low sum-rates of about
5.82 and 5.84 Mbps, respectively, whereas OSB achieves an ‘optimal” rate of about
7.62 Mbps. On the other hand, the proposed SSB algorithm achieves a sum-rate of
about 7.60 Mbps, which is only slightly less than the sum-rate achieved by OSB.
Figure 3.4 shows the powers allocated by the four algorithms, and as can be seen
from this figure, the power allocations of SSB resemble, to a large extent, those of
OSB. However, these allocations vary quite significantly from the power allocations
of both IWFA and SCALE.

A key advantage of SSB is that it exploits the structure of optimal power allo-
cations to avoid the exhaustive search and the discretization that underlie the OSB
algorithm. In order to provide a rough comparison between the computational com-
plexity of OSB and SSB, we measured the Matlab running time of both algorithms
for the current 2-user example. For OSB this time was about 530 seconds, whereas for
SSB this time was only 22 seconds.* This running time difference becomes more dra-
matic for systems with more users because the proposed SSB relies on polynomial-time

algorithms that are significantly more efficient than the exhaustive search of OSB.

3.5 SSB with Pairwise Tone Assignment

3.5.1 Pairwise Tone Assignment

In previous section, we devised an algorithm based on [28] which states that when the
normalized channel gain coefficients o ’s satisfy certain conditions users should not
share tones. Loosely speaking, when the channel gain coefficients are high - that is,

interference between users is strong - it is more beneficial to dedicate each tone to only

4The corresponding running times of IWFA and SCALE are 1 and 15 seconds, respectively.
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one user. We utilize this theorem to assist in power allocation for the service provider
in tone section M. As described in the previous SSB, we partition the spectrum
into three sections where the middle section is the section where not all the users
can satisfy the conditions in either (3.2.3) or (3.2.4). This partitioning provides
coarse partitioning on the tones and performs satisfactorily when this middle section
is small. However, in the case where the middle section is large, i.e. the number of
tones where not all the users can satisfy the conditions in either (3.2.3) or (3.2.4) is
large, we should devise a scheme to refine this section. Therefore, a finer partitioning
method is needed in order to enhance the performance of SSB. We propose to utilize
the (3.2.3) pairwise in the middle section and refine the tone partitioning in this
section, that is, further refine the assignment of tones to a certain subset of users.
Specifically, for each tone n, we check the compatibility between users using (3.2.3).
When (3.2.3) is satisfied for a user pair, say User j and User k, we consider these two
users to be non-compatible; otherwise they can share this tone n.

We check (3.2.3) for every pair of users and determine the compatibility of these
user pairs. With this knowledge of user compatibility, we run a max-clique algorithm
on this set to select the largest set of compatible users (i.e. every pair of users in this
set is compatible) and pre-assign tone n to these users. Then we solve the middle part
of (3.1.2) only for this subset of users instead for all users. For a pair of users that
satisfy (3.2.3), the theorem in [28] states that the interference among two users can
be so detrimental that the system is worse off in term of system utilities when this
tone is assigned to both users. This leads us to conclude that there is an advantage
of tone pre-assignment using (3.2.3), that is, the separation of reciprocally damaging
users can facilitate the algorithm to achieve the optimal tone assignment. We proceed
to describe how to utilize an approximate max-clique algorithm to realize this tone

pre-assignment.
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We define
Cly 1= Qo (3.5.10)

as the compatibility factor between User j and User k in tone n. A search algorithm
will be run on each tone to derive a set of compatible users on tone n which is defined

as
1 .
K" = k| < 7 = 02,¥) € K"} (3.5.11)

After obtaining K" for all n € N, we solve the tones with unstructured signalling

on users K" instead of all K users as proposed in Section 3.2.3.

3.5.2 Numerical Results

As another example, we compare the sum-rate of our proposed SSB under pairwise
tone partitioning with that of IWFA, gradient search, and SCALE in a 6-user sce-

nario.’

For this example we use similar parameters to those used in the previous
example, and we generate the crosstalk coefficients using the same DSL simulator,
but for 2 co-located CO’s and 4 Rt’s. The lengths of the CO lines were chosen to be 5
and 4 km and those of the RT lines were chosen to be 5, 5, 4, and 4 km, respectively.
The distance between the CO’s and the RT’s was chosen to be 0.2, 0.2, 3 and 3 km,
respectively. For this scenario, IWFA, gradient search, and SCALE could achieve
sum-rates of only 13.0 Mbps, 13.1 Mbps, and 14.1 Mbps, respectively, whereas SSB

could achieve a sum-rate of 16.7 Mbps.

5The computational complexity of OSB has made it rather difficult for us to provide a sum-rate
comparison for this example.
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Chapter 4

Power Allocation for Harmonic

Mean Objective

4.1 Maximizing “User Capacity” with Per-tone
Harmonic Mean Approximation

Consider the situation in which the service provider wishes to maximize the number
of users that the DSL system can support. For the service provider to do that, it
may maximize the sum rate of all users, which is given by Ele EnNzl Ry(st, ..., s%)
(Section 3). However, such an approach may result in power allocations that favor
strong users over weaker ones. As an alternative, the service provider may consider
a more balanced approach in which the objective is to maximize a weighted sum
rate, SI0  wy SN RP(s?, ..., s%) where the weights, {wy,}X | are assigned in such
a way that favors weak users over stronger ones. The drawback of this approach
is that the way in which the weights should be assigned depends on the channel

gains and the power budget in a non-linear fashion. Therefore, in this section, we

consider maximization of the number of users that can be accommodated by the
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DSL system. The users belong to different categories depending on the QoS that
they purchase from the system provider. This design objective is integer-valued and
hence generally difficult to handle directly. As an alternative, we consider a design
problem in which we maximize the (weighted) harmonic mean of the users’ rates.
This objective possesses two desirable features: first, from the users’ perspective, this
objective is known to be fairer than maximizing the sum-rate [10]; second, for single-
tone systems, maximizing this objective can be cast as a convex optimization problem
for which the global solution can be obtained efficiently. The first feature renders the
harmonic mean a natural design objective for maximizing the number of users. This
is because for one to be able to compare the number of users that can be supported
by two systems, one should guarantee that the users obtain the same service in both
systems. The second feature, on the other hand, enables us to design an efficient
algorithm that exploits the per-tone convexity to provide power allocations that yield

relatively high harmonic mean-rates. The harmonic mean-rate can be written as

K

Hiso 51, k) = (Z(i Rg)_l) - (4.1.1)

k=1 n=1

Now, in order to find the power allocations that maximize this objective, we ought

to solve the following optimization problem:

min 1/H(sy, -+ ,sK), (4.1.2a)
N
subject to ZSZ < P,V k, (4.1.2b)
n=1
0 < s < Shas VK, (4.1.2¢)
where in (4.1.2a), we have used the fact that maximizing H(sy,---,sg) is equiv-
alent to minimizing 1/H(s1, - ,8k). We have also used s; to denote the vector
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[sg>- -+, s¢ )", Pr to denote the total power budget of User k, and SJ, . to denote the
maximum signal power that User k can allocate to the n-th tone. In order for (5.0.3a)
not to be redundant, we assume that P, < ZnNzl max.k- Although it is desirable from
the service provider perspective to be able to solve (4.1.2), for N > 1 this problem is
known to be NP-hard [10], and hence difficult to solve in a computationally-efficient
manner. As an alternative, in the next section we derive an upper bound on the ob-

jective in (4.1.2a). Unlike the original problem in (4.1.2), this upper bound is convex

and hence can be minimized using highly efficient numerical techniques.

4.1.1 Harmonic Mean Reformulation

It is stated in [10] that when there is only one tone in the network (i.e. N = 1),

(4.1.2a) is a convex optimization problem after transformation. Inspired by this

claim, we derive an upper bound for the objective function of (4.1.2a) by using the
1

convexity of the function f(x) = - and Jensen’s inequality. Specifically,

HUB(SOaSb ce >SK) =

Note that Hypg not only is an upper bound on the harmonic mean defined as H but
also can be interpreted as the inverse of the harmonic mean of the per tone rates
of users while H is the harmonic mean of the rates of users. Furthermore, as will
be shown later, by using Hyp as the objective function, the optimization problem
becomes convex. Another benefit of using Hyp is that the optimization problem can
be decomposed across tones via its dual form, which enables us to use efficient convex

optimization techniques to solve the problem and achieve the goal of accommodating
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users with certain prescribed rate ranges. By employing the upper bound of H, we

consider the following optimization problem:

min HUB(Sla"' ,SK), (413)

N
st. Y _sp <Pk,

n=1

0<sP< S Yk Vn

ax, k>

We proceed to show that (4.1.3) is a convex optimization problem. Consider the

following transformation [10]:

1
Sn
= |log |1+ k : (4.1.4)
k n n on ’
< < on+ D ik ajksj)>

yp = log sj. (4.1.5)

(4.1.3) can be rewritten as

K N
min Y Y (4.1.6)

k=1 n=1

st yp <log(STup), th >0,V k, Vn,

m.

N
> W< BV E,

n=1

1
log (a,’;z(—y?) + Zagk%y?—y?)) +1log(2%F —1) <0,V k, Vn.
7k

Using the observation in [10], it can be directly derived that (4.1.6) is convex,

and hence, for small-to-moderate numbers of users and tones, it can be solved using

an efficient convex optimization algorithm [15]. Even though (4.1.3) is convex, it is
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coupled across tones. The computational complexity is still prohibitive for real-time
power allocation when the number of tones is high. Fortunately, the problem can
be decomposed into several per-tone convex optimization problems in its dual form,
hence we can solve it in a more efficient fashion. The dual problem of (4.1.3) can be

written as follows

K
d(\) = min Z
0<sp<ST, LV n, Yk

) ’
max,k k=1

K
= AP,
k=1
N K §n -1 K
- min log — k — + AiSh
nz::lo<sn<s" Vn,Vk Z ( ( logh +Z#kajksj>> Z

max,k’ k=1

ME
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e
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~_—
I
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p
Bl
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1

S
I

K
= AP (4.1.7)
k=1

It is worthwhile to point out that the optimization in (4.1.7) can be solved on a
per-tone basis due to the dual decomposition of the original problem. To solve the
minimization in (4.1.7), we need to solve the following minimization problem for each

n:

K n -1 K
s
min E log [ 1+ — B n)) + E xSt (4.1.8)
k=1 ( Tk + Z#ka' ' k=1

Under the above transformation, the equivalent optimization problem of (4.1.8)

after transformation for each n is
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K K
min Y 4+ A2% (4.1.9)
k=1 k=1

st yp <log(STp), th >0,V k,

m.

1
log (o—g (=vk) 4 Zayk2<y?-y2>> +log(2% —1) <0,V k.
%k

Compare (4.1.6) and (4.1.9), we conclude that the above optimization problem
is also convex and can be solved by existing convex optimization techniques such as

interior point method.

4.1.2 QoS: Max Rate and Min Rate Constraints

From a viewpoint of a DSL service provider, the targets of system design are to
maximize the system capacity and enhance users’ satisfaction level. However, there
is usually a trade-off between these two goals. Therefore, to have control over the
trade-off as well as to facilitate an agreement on the quality of provided DSL service
between users and system providers, we propose to impose a rate range constraint
that consists of a maximum rate and a minimum rate in the optimization problem
(4.1.3). A maximum rate constraint is to suppress the power used by stronger users in
a network on one hand and to encourage users to subscribe to higher end service when
needed. A minimum rate constraint can ensure that the users achieve rates that have
been contracted, which can be viewed as a mean for a service provider to guarantee
quality-of-service. That fact that the maximum and the minimum rate comprise the
prescribed rate range that a user and a system provider negotiate is essential in a
commercial DSL service contract since users and system providers usually should

agree on rates that are bilaterally beneficial. If we denote the low and high endpoints
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by Rumin and Ry.y, respectively, the rate range over which User k € K operates can

be expressed as the set of rates that satisfy the following constraints:

N

n=1

N
Z RZ Z Rmin,k

n=1

Considering these two constraints, (4.1.3) can be rewritten as

K N n -1
s
min - > ) log |1+ b 4.1.10
s ( g( op+Y #ka;?ks?)) ( )

k=1 n=1

S.t. 0<s, <Sp Vn, Vk

ax, k>’

N
> s <P, Vk

n=1

N n
> log (1 + il n) < Ruaei V &,
n=1

n n
OF + Dk VST

N n
> log (1 + i n) > Roini ¥ k.
n=1

n n
OF + Dk OS]

where Rpyaxr and Ryin, are the maximum rate and minimum rate respectively that
the service provider agrees to provide to User k, respectively. By imposing this
maximum rate constraint so as to suppress the inter-user interference, the system can
accommodate more users as desired while the min rate constraint serves to ensure
QoS. While we can cast the maximum rate constraint into a convex function as part
of the objective function which will be shown below, the minimum rate constraint
cannot be transformed in a similar fashion. However, we can find a lower bound of the
left hand side of the minimum rate constraint that is convex under the transformation

in (4.1.4) and (4.1.5). Hence, we start by rewriting the left hand side of the minimum
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rate constraint as the following:

N Sn
3" log <1+ T )
n=1

T+ 25k Gk S5

K
(log (0;? + Z a}‘ks;‘> —log (UZ + Z ag‘ksg‘>> . (4.1.11)
=1 i#k

I
-

We have
K
log | oy + Z oz;-‘ks?> (4.1.12)

K
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parii 1+Z 1+Z

The inequality in (4.1.12) is due to the convexity of —log. Consequently, we have

the following inequality that is readily derived from (4.1.12):

N
Sn
log [ 14 — L (4.1.13)
; ( 0k+2#kajksj)

N K K
1 O/'Lk
> log [ 1+ aly | + ————logoy + % log s”
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—log (0;? + Z ag‘ksg‘>> . (4.1.14)
J7#k

Note that it can be seen that for s}’s that make the right hand side of (4.1.13)

greater than R, we have Z | log (1 + ) > Ruming. Therefore, we

"+Z £k OGkST
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consider the following optimization problem:

K N §n -1
min Y Y (log (1 + P s n)) (4.1.15)
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From (4.1.15), the dual function can be written as
K K
= - Z Ao Py — Z MkRmax,k
k=1 k=1

K N K
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Hence, for each n, the minimization problem becomes the following:
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Note that u; and ¢;’s are non-negative. We apply the transformation (4.1.4) and

(4.1.5) and obtain the following

K
min > (6 + pk(ty)” ZA'ﬂy’“
k=1
K K
* Z% ( Z 1 +az Y5 T log (ak +) o k2y5’>> (4.1.18)

J#k
s.t. yl? < IOg(SrrrLlax,k% tz > O,V k?
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J#k

It can also be verified that (4.1.18) is a convex optimization problem. We can
solve (4.1.18) in a similar fashion to the way we solved (4.1.3).

So far we have derived the dual form of (4.1.3) under which the problem decom-
poses into a series of per-tone optimization problems (4.1.9). We further transform

(4.1.9) to its convex form (4.1.18). We will complete this section by summarizing the

algorithm to solve (4.1.3).
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4.1.3 Per-tone Harmonic Mean Rate Optimization Algo-

rithm

The procedure of solving (4.1.3) consists of two loops. The outer loop is a Lagrange
dual update procedure [15] while the inner loop is to solve (4.1.18) for each tone for
each k € K. This procedure, per-tone Harmonic Mean Rate Optimization (HMRO),

can be described in detail as follows:

e Step 0: Initialize primal variables {s}"} and dual variables {19, A2, ¢}.

e Step 1: Inner loop v: For each n, solve for

N K g -1
(v) — ; k
sV =) argmingcgmegn v vk log { 1+
Z S8 SO max, ko V1 Z ( ( 0-17; + E :j;«ék O‘?ksgl

n=1 k=1

K K n
n S
+ E )\ksk + E M log (1 + k n)
k=1 k=1

n n
OR + D, OS]

K K n
k=1 j=1 i ik j#k

by the following steps:

— Step 1.1: Initialize

n,w—1 -1
8 9
ty" = | log <1 + k ny_1>> :
< op + Zj;ﬁk Qs

n,w—1

y =log s,
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— Step 1.2: Solve for ¢, ;" using interior point method [29]:

min Z (tZ Yk () —l— Z A 20"

oy Vkek

keK kek
+ng <_Zl+z yn,v+10g<a,ﬁ+zayk2w ))
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7k

— Step 1.3: Let sp” = 24", Vk € K.

e Step 2: For all £ and n, calculate

n,v

s
RnW:lOg(l_‘_ n . am nu)
g oy + Zﬁsk QS

e Step 3: Apply steepest decent on dual variables
K

MN=NTT B s = P,

k=1

N
i =+ BT R~ R,
n=1

N
§;; :g;:—l + 65(Rmin,k - Z sz)u

where (37, 3, and (7 are the step sizes for the A, § and ¢, respectively. For a

discussion on the choices of step size, one can refer to [15] and [28].

e Step 4: Go to Step 1 until the optimality condition is satisfied.

Since (4.1.15) is convex, the proposed algorithm converges to a fixed point of the

problem, which hence is a minimizer of (4.1.15) due to its convexity. Furthermore,
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from (4.1.13) we know that any minimizer of (4.1.15) is feasible for (4.1.10).

4.1.4 Simulation Results

Simulation Case 1:

In this example, we compare the performance of HMRO, SSB (Section 3, [30]), SCALE
[12], and TWFA [4] ! in terms of the achieved harmonic mean and the number of users
in prescribed rate range for a six user DSL communication system with two hundred
and fifty-six tones. For this system, the cross-talk coefficients, the noise variances and
spectrum masks were generated by a DSL simulation program?. The system model
consists of two CO lines and four RT lines, the topology of which are shown in Fig. 4.1.
Other system parameters are set as follows: noise variance is -140 dBm/Hz, power
budget is 20 dBm, and bit-cap is 15 bits for all users. We have two groups of users:
one subscribes to basic service and the other consists of high-end users. We let User 1
and User 2 be in first group and User 3, User 4, User 5 and User 6 be in the second
group. The two groups of users have prescribed rate ranges of (0.5,2)(Mbps) and
(2,10)(Mbps) corresponding to the basic service rate range and high-end residential
rate range, respectively. As a consequence, we set Rpax = (2,2, 10,10, 10, 10](Mbps)
and Ry, = [0.5,0.5,2,2,2,2](Mbps). Furthermore, we examine four sets of weights
for SSB, SCALE and IWFA that are numbered as Case 1 to Case 4 in Table 4.1 since
the objective of these three algorithms are weighted sum-rate. It is worthwhile to
point out that we do not consider weights for HMRO since harmonic mean objective
“automatically” provides relatively fair rates to all users and the max and min rate

constraints enable the system to provide contracted rate range without adjusting the

Due to the high complexity of OSB and unknown data of ASB, we do not run simulation on
OSB and ASB.
2The program is provided by Raphael Cendrillon of Huawei Technologies Co. Ltd.
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Figure 4.1: A 6 User DSL System Topology

weights on users.

The programs were coded in MATLAB 7.0 and the computational time for HMRO,
SSB, SCALE and IWFA to run one of the six users case is 65 sec, 85 seconds, 47
seconds and 10 seconds. Figure 4.3, Figure 4.4 and Figure 4.5 are the individual rates
achieved by the users. It is shown in Figure 4.3, Figure 4.4 and Figure 4.5 that among

the four methods, HMRO is the only method that can fulfill the desired rate range

Case Number Weights
Case 1 0.2,0.1,0.2,0.2,0.2, 0.1]
Case 2 0.1,0.2,0.2,0.2,0.2,0.1]
Case 3 0.2,0.1,0.2,0.2,0.1,0.2]
[0 ]

Case 4 1,0.2,0.2,0.2,0.1,0.2

Table 4.1: Weights for 6 Users Cases
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Figure 4.2: Harmonic Mean Rate Achieved by HMRO, SSB, SCALE and IWFA in 6
User Case

for all users in both groups. SSB, SCALE and IWFA can only guarantee service for
the group of basic service subscribers. Table 4.2 lists the number of users that can
supported by the four algorithms according to Figure 4.3, Figure 4.4 and Figure 4.5.

As can see from Table 4.2, HMRO can achieve the targeted rate range for users
at all weight cases while SSB, SCALE and IWFA fail to fulfill the rate requirement

in any cases. In fact, this can be viewed as an advantage of HMRO that it does

1.2 . . 2 . -
1.1f ] 1.8¢
—e—HMRO

— 1l —*— SSB —~ 1.6 ——HMRO
[%2] [%2] :
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Figure 4.3: User 1 and User 2 Rate in 6 User Case
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Figure 4.5: User 5 and User 6 Rate in 6 User Case

Number of users | Case 1 | Case 2 | Case 3 | Case 4
HMRO 6 6 6 6
SSB 3 3 3 3
SCALE 2 2 2 2
IWFA 2 2 2 2

Table 4.2: Number of Users in Prescribed Rate Range in 6 User Cases
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not require the service provider to blindly adjust weights but change the max and
min rate constraints when the service requirement changes. This gives the service
provider a better control over the quality of service by a guarantee of achieving users’

prescribed rates.

Simulation Case 2:

In this example we consider a DSL communication system with 256 tones. Assuming
that there are seven users that we wish to accommodate in the DSL system, the
crosstalk coefficients and the noise parameters of these users were generated using
a practical DSL simulator 1. The system model consists of 2 Central Office (CO)
and 5 Remote Terminal (RT) lines, and all users are assumed to have identical power
budgets. The lengths of the CO and RT lines are 5, 4, 3.5, 3.5, 3, 3 and 3 km,
respectively, and the distances from the 5 RTs to the COs are set to be 0.3, 0.5, 0.5, 3
and 3 km, respectively. The background noise variance is assumed to be Ny = —140
dBm/Hz and the capacity gap is set to be 15 dB. The users are divided into basic
and high-end service groups. The basic service group consists of Users 1 and 2 with
Ruing = 0.5 Mbps and Rpaxr = 2 Mbps, k = 1,2, and the high-end service group
consists of Users 3 to 7 with Ry, x = 2 Mbps and Ry, = 12 Mbps, k = 3,...,7.
Using these parameters, in Figure 4.6 we compare the number of users supported
by SCALE and IWFA and the number of users supported by the proposed HMRO
algorithm. From this figure it can be seen that for the considered range of power
budgets, both SCALE and IWFA support fewer users than the proposed HMRO.
For instance, SCALE can only support 4 users (Users 1 and 5 to 7) throughout
the entire range of the considered power budgets. However, IWFA exhibits a more
interesting behavior. At an input power of 11 dBm, IWFA supports up to 6 users,

but as the power increases, IWFA tends to favor stronger users (Users 6 and 7 in the
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Figure 4.6: Number of Users Supported by HMRO, SCALE,IWFA

current example) over weaker ones. This tendency eventually incurs a decrease in
the number of users that the system can support. Finally, we consider the number of
users that can be supported by the proposed HMRO. For an input power of 11 dBm,
similar to IWFA, this algorithm supports 6 users. However, by increasing the power
budget, HMRO manages to accommodate all 7 users in the system. This performance
advantage follows from the inherent fairness of the harmonic mean objective and the
versatility with which the system designer can control the QoS of different classes of
users.

Finally, we compare the complexity of SCALE and IWFA with that of HMRO.
Denoting the tolerance by e, the complexity of IWFA and SCALE can be shown
to be O(KNlog?¢) and O(KNLlog®€), where L is the number of SCALE updates
([31]), whereas the complexity of HMRO is O(K Nlog?¢). As a rough comparison, the
average Matlab running times of the IWFA and SCALE for the scenario considered
in this example are about 1 and 15 seconds, respectively, whereas that of HMRO is
about 26 seconds. Hence, it can be seen that the computational complexity of HMRO

is comparable to that of IWFA and SCALE, but it can support significantly more

46



users than either of the other algorithms.

4.2 Solving Harmonic Mean Objective via Decom-
position and Convexification

As stated in the previous section, a traditional objective is to maximize the total
achievable data rate of the system (i.e., the sum of users’ data rate = 21[::1 Ry,
[30], [32] and [1]). However, in this case some users may have dominant achievable
data rates while others suffer from low achievable data rates. This is not desirable
in practice from a service provider’s perspective because it cannot guarantee ser-
vice subscribers (i.e., the system users) promised data rates, hence the absence of
QoS. Alternatively, other utility functions are considered such as weighted sum rate,
proportional fairness, minimum rate utility function or the harmonic mean utility
function [10]. Among these objective functions, the harmonic mean utility function is
more practical. The reasoning is two folds: no requirement for additional weight as-
signment and fairness to all users [11] [33]. Furthermore, when compared to sum rate
objective, harmonic mean rate objective guarantees a larger minimum rate among
the users. Figure 4.7 illustrates a 2 user case, where the red dot and blue dot indicate
the sum rate and harmonic mean rate maximum, respectively. It is obvious that blue
dot has a larger minimum rate between R; and Ry than the red dot. )

The harmonic mean rate can be written as K (Zszl (22’:1 R’k‘) _1)_ . Con-

sidering each user’s available power budget and spectrum mask, the harmonic mean
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maximization problem can be written as:

min (> Ry (4.2.19)

L) I
{ 1 KJin=1 k=1 n=1

N
st Y sp < P Vk

n=1

0 < sk < Smao Yk Vn

where in the objective function we use the fact that maximizing harmonic mean rate
is equivalent to minimizing its inverse. We also use P to denote the kth user’s power

constraint as a transmitter while S} denotes the maximum signal power that

max

user k can allocate to the n-th tone. Note that we assume that ij:l fmax = Dk
in order for the power constraint not to be redundant. When compared (4.1.3),
(4.2.19) is fundamentally different in the sense that (4.2.19) is per user harmonic
mean and (4.1.3) is per tone per user harmonic mean. Furthermore, (4.2.19) cannot
be transformed into a convex problem.

Although solving (4.2.19) is preferable, it is easy to verify that the harmonic mean
objective function is non-convex and it has been shown that this problem is NP-hard
for the case N > 1 [10]. Hence there is not a computationally efficient algorithm
to solve for global optimum of (4.2.19). The difficulties stem from two aspects: the
objective function is not convex and it is not dual-decomposable over tones due to
the inverse of R}, which raises higher computational complexity compared to the sum
rate mean objective function. Besides, in real system set-ups, N and K are usually
so large that brute force algorithms are not feasible for practical use. In order to
circumvent these difficulties, in the next section we utilize Taylor expansion of the
objective function in (4.2.19) and derive its lower bound, based on which we develop

a novel algorithm that solves the problem efficiently.

49



4.2.1 Taylor Expansion Based Iterative Algorithm:
Taylor Expansion of the Harmonic Mean Rate

The harmonic mean objective function is not decomposable over tones which leads to
the problem of computational intractability. As an alternative, we resort to an itera-
tive algorithm via first order Taylor expansion of Ry at the current power allocation
at each iteration which yields the following expansion:

1 1 -
= — — ——— (R, — R}"), (4.2.20)
B ()

where (é,(f))_l is the first order Taylor expansion of (Ry)~" at R,(j) and R,(j) is the value
of Ry at the ith iteration. Denote {sz(i)} are the set of resulting power allocation of

user k at the i-th iteration. Then RS) is equal to

(4.2.21)

From (4.2.20), it is easy to notice that minimizing Zle(ﬁ’,(j)) is equivalent to

Ry,

w0y at the i-th iteration. In other words, at iteration 7 we solve
k

maximizing »

the following optimization problem based on the above analysis:

RV~ R+ 4.2.22
Jax ) Z Z (4.2.22)

s.t. Zsz(iﬂ) < P, Vk

n=1

0< st < gn Yk Vi,
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where RZ(HI) is in the form of (4.2.21). It is interesting to observe that the objective
of (4.2.22) is a weighted sum rate function with weights that are inverse of squared
user rates of the previous iteration. Therefore, for each user, the larger the data rate
in the previous iteration, the less weight it receives in the current iteration, hence the
algorithm yields a lower data rate for this user. As a result, the algorithm favors the
users with lower data rates (i.e., higher weights) at each iteration. This mechanism
suggests an iterative weight adjustment scheme for the algorithm which implicitly
achieves the goal of relatively fair rates among the users. The objective function
in (4.2.22) combines weighted sum rate with special data rate weights and has high
complexity. In the next part, we introduce a lower bound for the weighted sum rate
that allows us to solve the problem in a computationally effective manner and we will

explain the overall scheme.

The Iterative Algorithm

The objective in (4.2.22) is non-concave and NP-hard. In attempting to efficient
algorithms to solve (4.2.22), we derive a lower bound for this objective function.
This lower bound is obtained via concavity of the logarithm function and Jensen’s

Inequality as follows:

K n
R >log1+S a?) + — 2k
j; ’ 1+ Zfil Qi
K o log s” A
+y 2T og(op + Y alist) = i, (4.2.23)
Pl iy Dim1 O j#k

Therefore, at each iteration, instead of solving (4.2.22) we can simply solve the

51



following optimization problem:

N
min (R,(f))_2 Z [log(a,’j + Z oz;-‘ks?(iﬂ))

n(i+1)
tsn ) k=1 n=1

K
ol log s
N .
sty sy < Py vk
n=1

0< s <gp L Yk Yn.

At first glance, it may seem difficult to solve (4.2.24). As a matter of fact, (4.2.24)
is convex under the transformation y; = log s} ( [11]) and (4.2.24) can be reformulated

as the following problem:

K N
min Y (RY) 7Y |log(of + D afexp(y )
7 R n=1 j#k

am ”(H‘l)

_}: ka

(4.2.25)
1 + Zz 1 azk

s.t. Zexp niH)y < P Yk

yr Y <log S Y .

Note that the above transformation not only convexifies the objective function,
but also implicitly implies the constraints (0 < s}) which yield less computation
on projection thus a faster algorithm. Furthermore, (4.2.25) is decomposable in the

sense that in order to calculate the gradient of the objective function, we need only the

n
8RLB,k

partial derivatives — =2
5

. Obviously, this needs less computational time compared

—1
to calculating the partial derivatives 8(8125”) in (4.2.19). Moreover, (4.2.25) can be

decomposed into N independent subproblems in its dual form. To further illustrate
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this idea, we let A\ be the Lagrange multiplier associated to the total power constraint

and the Lagrange function is

K
Z 22 [log on +Za§‘k ;”H

JF#k
k log Sn(z-i—l :|

1+Zz 1 &

+ Z Ak <Z exp(y n(zﬂ — P )

(R(Z) (log (op + Z a?ks" Hl
J#k

k log sn(2+1)

1+Zz ¢

HMN

Jj=

+ Ak exp(yZ(”l)))

- AkPk} : (4.2.26)

From (4.2.26), one can see for fixed \g’s that L(s, A) is not coupled over tones,
and hence each subproblem in the sum term is independent. Furthermore, each
subproblem is convex and can be evaluated with efficient optimization techniques.
This is the major advantage of our algorithm. Now, the overall proposed algorithm

can be stated as the following:
Step 1 Initialize SZ’(O) by water-filling for each user;

Step 2 At iteration i, solve (4.2.25) via dual optimization algorithms to obtain the
{y,?’(i)}’s which gives {SZ’(i)}’s, with which we calculate the R,(j)’s and update
(4.2.25);

Step 3 If the increase in the original harmonic mean objective function is more than

the tolerance level e, go back to Step 2, otherwise stop.
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4.2.2 Discussions

In this section, we address two important issues regarding the accuracy and practi-
cality of the proposed algorithm. In the development of the algorithm, (4.2.22) and
(4.2.25) are obtained through two approximations. However these two approxima-
tions are only tight under certain conditions — roughly speaking, that the achievable
rates are large. We further discuss the usefulness of both approximations by explain-
ing cases when system parameters are relatively small. Moreover, we offer insights
on solving the subproblems arising from solving (4.2.25) and provide techniques to

overcome them in a computationally efficient manner.

Accuracy of the approximations:

Using the Lagrange form for the remainder term in Taylor expansion, R, ' can be

written as

Rt = (R = (RO 2 (B — RY) + € (R — BY)?

where ¢ is a real number between Rj; and R,(f). It is easy to see that when ¢ is
large the third term in the above equation is small. Therefore, the approximation
of R, using the first two terms of the Taylor expansion in the proposed algorithm
can be tight when R} and RS) are large, hence £ 73 is small. On the other hand, the
bound in (4.2.23) is obtained by using Jensen’s inequality and it is tight when one
of the weights in Jensen’s inequality dominates all the other weights. In translation
to our case, the inequality is tight when af,’s (j # k) are small compared to ajy,
which has the value 1 as it is normalized. Therefore, the second bound is tight when
the cross-talk coefficients are small. This condition coincides the one for the first
approximation to be tight that R;’s are large. Here we use the fact that R, increases

as the cross-talk coefficients decrease. In summary, two inequalities are generally
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tight under the conditions that cross-talk coefficients are small and Ry’s are large.

Under these conditions, the resulting solutions can be close to optimum.

Solving the subproblem:

In the proposed algorithm, (4.2.25) is evaluated iteratively as a subproblem at each
iteration. To solve this problem, we utilize its dual problem (4.2.26) and optimize
the Lagrangian function to update primal/dual variables simultaneously for certain
number of steps as it is in Lagrangian method [15]. However, convergence is not
guaranteed for this method. Fortunately, for our problem, this method converges
in few steps (less than ten) in most cases. Therefore, we do seven update steps to
optimize the Lagrangian at each iteration and then the objective function is updated
by re-evaluating the R,(f) according to the first order Taylor expansion of the objective
function. It is worth mentioning that the dual problem also decouples the problem
across tones. Hence this method allows us to use cheap computational methods to

solve this difficult problem.

4.2.3 Numerical Results

In this section, the performance of the proposed algorithm is compared with the per-
formance of the traditional IWFA algorithm. In the simulations, we consider the case
where there are three users sharing 64 tones to communicate in a system with inter-
ference channels. The crosstalk coefficients are generated uniformly in the interval of
[0, 0.3] and the noise is randomly generated according to the Gaussian distribution
with a zero mean and unit variance. In order to make the users dissimilar (to check
the user fairness issue), the cross-talk coefficients are generated in the interval [0 , 0.9]
for User 2. The input signal power constraint is set to 15 dB. All users are assumed

to have the same power budget constraint P, and spectrum mask Spay.
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Using the above parameters, Figure 4.8 shows the convergence of the proposed al-
gorithm and makes a comparison in term of harmonic mean achieved by the proposed
algorithm and the levels achieved by traditional IWFA and SCALE over iteration.
Note that our algorithm and IWFA have the same initialization. However, since there
are a lot of oscillations at the first steps of IWFA and SCALE, only the resulting level
of harmonic mean for IWFA and SCALE are plotted.

Figure 4.9 presents a comparison between the achievable data rate for the min-
imum rate user (minimum rate utility function [10]) of the proposed algorithm and
that achieved by using IWFA as a function of different power constraints (P,=14, 17,
and 20 dB) for the input signal. As one can see, the performance of the worst user is

much better in the proposed algorithm than under the other methods.
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56



75

70

Proposed Algorithm
— — IWFA )
— — — SCALE

65

60 N

Rate of the Worst User

45¢ - 1

40 I I I I I
14 15 16 17 18 19 20

Power Constraint (dB)

Figure 4.9: Harmonic Mean Rate versus Iteration Number

57



Chapter 5

Multi-user Communication
Systems in the Presence of a
Jammer and the Generalized

Iterative Water-Filling Algorithm

In this section, we consider a similar communication with the presence of a jammer,
denoted as User 0. Suppose that User k € IC, (k # 0) is interested in maximizing its

own sum-rate, so its utility is given by

N N n
s
Udlso i, si) = 0 RESE o) = D log(1+ — )
p— —1 Ok + 2k Sy + OGS0

K K N n
s
U , R = — U - — 1 <1 . >’
0(s0, 81 Sk) Z k Z Z og\*t Of + Dk ST+ agy St
(5.0.2)




where we use s, to denote the vector [s}, -, s¥]"
Given a limited power budget, and a maximum power constraint on each tone, the

goal of User k, is to maximize Uy; that is, User k£ wishes to choose si',n =1,..., N

to solve the following optimization problem,

max Uk(so, 81, ,SK),
N
subject to Z sp < Py, (5.0.3a)
n=1
0< sy <S8 h (5.0.3b)

where, Py denotes the total power budget of User k, Sp. ;. denotes the maximum
signal power that User k& can use on the n-th tone, and in order for (5.0.3a) not to
be redundant, we assume that P, < Zivzl Sthaxk- We will denote the feasible set of

User k as Py; that is,

N
A n n mn
Pr={st=Ist st ]"1) _sp <P 0< sy <Sn i} (5.0.4)

n=1

Since individual users do not collaborate among themselves nor do they collaborate
with the jammer, and since all users and the jammer selfishly maximize their own
utilities, this communication scenario can be modelled as a non-cooperative game [16].
In this game individual users and the jammer are non-cooperative players, and the
power allocations of any User k, including the jammer, that lie in Py (cf., (5.0.4))
represent the set of admissible strategies of this user. A Nash equilibrium of this

game [16] is a tuple of power strategies {s}}< ;. such that for any k € {0} UK

* * * * * * * * * * *
Uk(sovslv' T8k 15 Sk Sk 7SK> > Uk(507s17 T 58Sk _1ySkySpy1, 7SK)7 vsk S Pk

(5.0.5)
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In other words, a Nash equilibrium of the game is a locally optimal strategy for each
player such that no player has an incentive to unilaterally change [16]. In the next
section, we will show that, for this game, a Nash equilibrium always exists. Moreover,
we will propose a decentralized algorithm for updating the jammer’s and the users’
power allocations. By analyzing the convergence of this algorithm, we also derive

sufficient conditions under which the Nash equilibrium is unique.

5.1 Existence and Uniqueness of a Nash Equilib-

.
rium
Since, for every k = 1,--- | K, U(s0, 81, ", Sk—1,®, Skt1, Si) 1s a continuously con-
cave function, and so is Uy(e, s1,- - , Sk ), and since each P} is a compact convex set,

it follows readily from [34, Proposition 2.2.9] that a Nash equilibrium exists. Such
an equilibrium can be found using a standard fixed-point algorithm, an instance of

which is given in the next section.

5.1.1 A  Generalized Iterative Water-Filling Algo-

rithm (GIWFA)—Synchronous Version

A simple distributed algorithm for the users and the jammer to update their power
allocation is the following generalized iterative water-filling algorithm (GIWFA). Let
sy be the power allocation of User k on the n-th tone at iteration v, and s} be the
vector [s,lf"’, e ,siv’”]T. For the time being consider synchronous operation, whereby
the users update their power allocations sequentially. Assume, without loss of gener-

ality, that the users are ordered so that User 1 updates its power allocation first then

User 2 and so on, and that the jammer (User 0) updates its power allocation last.
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Hence, in each iteration User k € K updates its power allocations in order to solve

v+1l v+1 v _v+1 v+1 v v
sttt = (a2 4 W, Up(sh, 807, oo st sy sty o s%) M} . (5.1.6)
Sk=Sy, P
whereas the jammer solves
v+l | g+l v+1 v+l
syt =[5+ W Unso, st s ] (5.1.7)
S0=8 Po

where we use [-]p, to denote the projection operator onto the polyhedron defined

in (5.0.4). That is, for any vector x € RY
[]p, = arg min [ly — z]]. (5.1.8)

Using (5.0.1) and (5.0.2), we can compute the gradients Vg Uy explicitly. In

particular, the n-th entry of Vg Uy, for k € {0} UK, [V, Uiln, can be expressed as

v v+1 v+1 v v
[VskUk(Soas1 70 S 158k Sy 7SK) u+1]
sp=s}, n
1
= n Zk n nw+l ZK n nv n n,w’ vk € IC’
O T 2521058 T 2k QS5 T QopSo
(5.1.9)
v+1 v+1
[VSOUO(S()?Sl T SK ) 1,+1}
so=s n
K n n,uv+l
_ E : QokSk
o K n n,v+1 n n n,v K n v+l n n nuy’
k=1 (Zj:l,j;ék Q1S + 0 + agSo )(Zj:l Sk, +op + agse”)
(5.1.10)

where, in (5.1.9) and (5.1.10), we have used that o}, =1 for all k € K.
From (5.1.9) and (5.1.10) we observe that for User k € K to update its power

allocation, it is sufficient to measure its own noise-plus-interference level on each
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tone, whereas for the jammer to update its power allocation, it needs, not only to
know the power transmitted by each user, but also to know the noise-plus-interference

level experienced by each user on every tone.

5.1.2 Convergence Analysis—Synchronous Version

We now present sufficient conditions under which this algorithm converges to the
unique Nash equilibrium of the game. Applying [35, Proposition 11.13] it can be seen

that a tuple of power strategies {s;}~_, achieves equilibrium if and only if

SZ = |:Sz +9VskUk(SS’S>{7 B 7Sz—l7sk7sz+17' .. ,S;() 7 k c IC (5111&)

s = [sé +0Vs,Uo(so, 1, -+, 8k)

) 5.1.11b
so:sg]Po ( )

for some 6 > 0. Since our generalized iterative water-filling algorithm (5.1.6)—(5.1.7)
corresponds to setting = 1 in (5.1.11), then if this algorithm converges to a power
strategy {s;}~_,, then it must be a Nash equilibrium of the game (5.0.5). We now
present sufficient conditions under which the generalized IWFA converges to a unique

Nash equilibrium. In particular, let

— B 0 g1 (37 072¢!
1 0 0
0 0 [0 R (05 Qo1
—9 1 - 0
A= . B=1{: i i . i |, and f=
0 0 0 - agr-1 QoK
_alK —a2K « .. 1
- - 0 0 0 0 |

(5.1.12)
where we define ajj, = H[a;k, e ,a%]m for all j € {0} UK, k € K, j # k. Further-

more, for every k € K, let F, be a N x NK block-diagonal matrix whose n-th 1 x K
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diagonal block is f;'. That is,

fe 0 0
0 2 .00

F, 2 Ji , (5.1.13)
0 0 - fY

where the i-th entry of f7', [fi];, i =1,..., K, be defined as follows.

n K n Qn
nl ( max,0)2 Zj—l Jj#k ajksmax,j
[fele = (d" )2 T K

min,k)2(cglin7k + SITYLMX,O (Zj:l,j;ﬁk a]ksmax j + nk) mm,kd?nin,k

max,0 max,k
d" (e o+ S0 o) \d” cy o (ag et 4+ ST )
min, k mln,k max,0 min, k min, k min,k \""0k “min,k max,k

(5.1.14)
0] = ( r?lax k)zd&in kT 2Sr?1ax,kcgin,k(agkcgin T Sfflax,k) n
dzun k(C gun,k)2(agkc?nin,k + Srrrllax )2
28] o 05 K n . .
" C&in,k(aokcmm kT Smax’k)d?mn k(C Crning T Sryﬁax,o)aik’ iEk ek,
(5.1.15)

where

) o110

J=1,j#k
n n 1 n
min,k — Cmin,k + a—nnlm (5117)
0k

with 7} being a lower bound on s;"”. That is, for every iteration v, nj < s", Vk €

IC,n € N. In Appendix A.2 we show that n} is given by
K +
e [ &+Zﬁ ——U}Z S@Jawﬂ, (5.1.18)

=0, j#k
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where my, is the largest integer for which

(my — 1)( )+ Z g maxz SP;.C—I—ZUS),

1=0, i#k 1=1

is satisfied for all j < m;. For each User k € K we use alii) to denote the noise

variance that satisfies alii) < akZH forall i = 1,...,N — 1. We also use m(:) to

denote the tone permutation that satisfy

mc(l +Z mc(l maxj_..._ ﬂk(N + Z O/Tk(N ;I;(XA;)
J=0,j#k
J#k

Theorem 1 (Convergence of GIWFA) Suppose there exists a scalar 7 € (0,1)

such that the following conditions are satisfied

sz 1
1 1
(1+ 7(1_@ )(HA BI3+ [ A7813) < (5.1.19)
K Sr?lax mm _'_ Zan
maXZ - g —— < T+ 1, (5.1.20)
mln k) ( mmk + maxk)Q

n \3,n
IIlll’l Z( (afy) gk

2
(Zg 1, j#k aijmax] + aOkSmaX 0 + Uk) (Zj:l,j;ék O‘;'LkSrrrLlax,j + 77/? + Oé(r)LkS:ILlaX,O + 0-1791)
(adw)*nk )
K K n Qn n n Qn n\2
(Zj:l,j;ék O Smax,j T 0k Smax,0 T or) (Zj:l,j;ék S max,j T Mk + O0Smax,0 + or)

>1-1. (5.1.21)

Then the noncooperative game (5.0.5) has a unique Nash equilibrium, and the iterates

generated by the GIWFA algorithm converges to this unique equilibrium linearly.

Proof 1 Fiz any equilibrium solution and any starting power allocation. We define

the error vector at each iteration to be the difference between the current power al-
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location and the power allocation at equilibrium. In Appendix A.1, we show that the
conditions (5.1.19)—(5.1.21) imply the error vectors converge to zero at a geometric
rate. Since the choice of equilibrium solution is arbitrary, it follows that the nonco-

operative game (5.0.5) has a unique Nash equilibrium.

Notice that the conditions (5.1.19)—(5.1.21) only depend on the power budget of
each user, its maximum allowable power on each tone and the cross-talk coefficients.
In many practical scenarios, these parameters, or a reasonably accurate estimate
thereof, may be known a priori to the system designer. Hence, these conditions
allow the system designer to study the impact of a potential jammer on the users’
utilities as well as the sum rate of the whole system. In Section 5.2 we will present
numerical results that show that for scenarios in which the conditions of Theorem 1
are met, the choice of both the users and the jammer converge. We also provide
instances showing that the violation of these conditions may cause the algorithm to
oscillate.

Observe that for any 7, the condition in (5.1.19) implies the standard IWFA
convergence conditions. In particular, for any such 7 for which (5.1.19) holds, we

have

|AT'B, < 1. (5.1.22)

Condition (5.1.21) implies that

N N
. n,v . n,v
m;ng S, zn%mg n, > 0.
k=1 k=1

Thus if 57" = lim s, then

V—00
min spt > 0.
k=1
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In words, this says that the Nash equilibrium computed by the GIWFA has the

property that every tone n is used by at least one user k. Another insight offered

n

max,0 ON tone n 1s

by Theorem 1 is that if the jammer’s maximum signal power
sufficiently large so that n)' = 0 for all k, then (5.1.21) cannot be satisfied and the

convergence of the GIWFA is in jeopardy.

5.1.3 Extension to Asynchronous GIWFA

In Sections 5.1.1 and 5.1.2 we considered the case in which the users and the jammer
update their power allocations sequentially in a predetermined order according to a
common clock. However, in many practical scenarios a common clock may not be
available for the users and the jammer to operate in such a synchronous fashion.
Moreover, even if such a clock is available, due to practical implementation issues,
either the users or the jammer may not have access to the most recent multi-user
interference. In this case an asynchronous version of the GIWFA algorithm may be
more desirable and more robust to implement than a synchronous one.

In a totally asynchronous scheme, the users and the jammer update their power
allocations at arbitrary time instants using possibly outdated multi-user interfer-
ence [18]. Under certain mild conditions a fundamental result in [18, Proposition 2.1]
ensures that the asynchronous scheme converges to a unique Nash equilibrium of the
game (5.0.5) if: 1) each user and the jammer update their power allocations at least
once within any sufficiently large, but finite, time interval, and 2) the iterates contract
with respect to some norm. This contraction condition is precisely the same as the
set of conditions given in Theorem 1; see also Appendix A.1.! In other words, the

conditions given in Theorem 1 ensure convergence of both the synchronous and the

'For the asynchronous scheme the iteration indices v and v 4+ 1 in Appendix A.1 ought to be
interpreted as the time instants within which each user and the jammer will have updated their
power allocations at least once.
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asynchronous versions of the GIWFA algorithm.

5.2 Numerical Results

In this section we provide a numerical example that illustrates the sufficiency of
the conditions given in Theorem 1 for the convergence of the decentralized GIWFA
algorithm. We also provide an example that shows that when the conditions in
Theorem 1 are violated the users and the jammer may fail to converge and the
behavior of the GIWFA becomes dependent on the initial point. For the numerical
examples in this section, the number of users, K = 4, and the number of tones
N = 10, and the maximum allowable power per tone is set to be constant across tones

for each user as well as for the jammer; i.e., we set Si,. = Smaxk, n=1,...,10 for

k=0,... 4.

Example 1 In this example, the system parameters (i.e, ey Ok s Pry Stnax, K,V J #
k, k=0,...,4) are selected at random so as to satisfy the conditions in Theorem 1.
The users and the jammer update their power allocations using the GIWFA algorithm
described in Section 5.1.1. For this scenario, in Figures 5.1(a) and 5.1(b) we plot
the power allocations of Users 1 and 2 versus the iteration number for all the tones.
For the same scenario, in Figure 5.1(c) we plot the power allocations of the jammer
versus the iteration number. In each of the plots, three randomly chosen allocations
were used to initialize the fized-point algorithm. Since the system parameters were
chosen to meet the conditions of Theorem 1, the algorithm converges to a unique
Nash equilibrium, irrespective of the initial power allocations. In order to quantify
the jammer’s impact on the overall system performance, the sum rate of all the users
over the ten tones is plotted versus the iteration number in Figure 5.1(d), where

Users 1 and 2 are Marked by ‘0" and ‘A’, respectively, whereas the power allocations
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Figure 5.1: The Power Allocations of Users and Jammer

of the jammer is Marked by T°. It is shown that the GIWFA iterates converge to a

unique Nash equilibrium irrespective of the initial power allocation.

Example 2 In this example, we retain the channel gains of the users as per Exam-
ple 1. (Since, in Example 1 the gains were selected to meet the conditions in Theo-
rem 1, these gains also meet the IWFA convergence condition (5.1.22). Howewver, the
channel gains of the jammer are chosen such that the conditions in Theorem 1 are

violated. In this example, we consider two random instances of this scenario. For
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Figure 5.2: The Power Allocations of User 1 DO NOT Converge on Four Different
Tones.

the first instance, we show the power allocations of one of the users on some of the
tones. As can be seen from Figure 5.2, on these tones the user’s allocations do not
converge, and, in fact, they keep fluctuating. In the second instance of this example,
we initialize the GIWFA algorithm using three different randomly chosen power allo-
cations. In Figure 5.3 we plot the sum rate versus the iteration number in this case.

It can be seen that the sum rate fluctuates and no equilibrium is reached.
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Chapter 6

Conclusions and Open Questions

6.1 Conclusions

In this work, we studied a multiuser communication scenario in which K user pairs
share N orthogonal tones. We have proposed three dynamic power allocation algo-
rithms targeting weighted sum rate, user capacity and harmonic mean rate system
utilities, respectively.

SSB, which has the goal to maximize the weighted sum rate of the system, divides
the spectrum into three sets of tones F, N Frwra and N Fy, within each of which
it applies FDMA, IWFA and Lagrange dual algorithm, respectively. We showed
by simulation that SSB achieves a performance close to optimal with relative low
complexity:.

In the second part of the dissertation, we defined user capacity which is the max-
imum number of users supported by the system and we designed an algorithm to
approach this capacity. Inspired by the observation that a harmonic mean objective
can provide fairness for users’ data rates, we indirectly achieved the goal of approach-

ing user capacity by maximizing the harmonic mean rate of the system. However, this
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optimization problem is non-convex when the number of tones is greater than one. To
overcome this non-convexity, we took advantage of the convexity feature of per-tone
harmonic mean and proposed a computationally-efficient algorithm. Furthermore, we
incorporated maximum and minimum rate constraints into the proposed algorithm
to achieve the rate ranges that users demand, thereby providing a convenient tool
for a service provider to guarantee quality-of-service. Furthermore, we studied the
harmonic mean rate objective function and proposed an iterative algorithm based
on the lower bound for the local Taylor expansion of the harmonic mean function.
A transformation of the variables is also provided for convexifing the subproblem.
By considering the dual problem, the subproblem is decomposed across the tones.
This decomposition makes the optimization algorithm much faster. The numerical
results also show improvements in the sense of user fairness and achievable data rate
compared to some well-known algorithms.

In the last part of the dissertation, we considered the system scenario where
there is a malicious jammer wishing to disrupt the communication of the users and
modeled the behaviors of the users and the jammer as a noncooperative game. We
derived sufficient conditions under which the iterates of both synchronous and totally
asynchronous decentralized GIWFA algorithms converge to a unique Nash equilib-
rium. Our theoretical analysis and numerical simulations show that the presence of a
strong jammer can not only reduce the total network throughout, but also cause an

otherwise convergent IWFA to oscillate.

6.2 Suggestions on Future Research

The study in this dissertation opens up the following research directions that merit

further investigation:
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e Performance analysis of the proposed algorithms

e Optimality conditions for FDMA signalling in harmonic mean objective

e Price setting for the resources and utilization of prices to facilitate the resource

management

6.2.1 Performance Analysis of the Proposed Algorithms
Convergence and Complexity Analysis on the Proposed Algorithms:

Further studies on the convergence and complexity of the proposed SSB and har-
monic mean optimization algorithm. The goal of SSB is to solve weighted sum rate
optimization problems which is are non-convex. The algorithm converges to a fixed
point of the optimization problem. However, due to the non-convex nature of the
problem, this fixed point may be a local maximum or saddle point. It is of system
designers interests to quantify what is the performance loss in terms of the weighted
sum-rate of the system since the ultimate goal is to maximize the system utility.
Recall that in designing the harmonic mean optimization algorithm, we convex-
ified the objective function and the minimum rate constraint so as to facilitate the
computation of the original problem. We utilized the upper bound of the harmonic
mean rate as the new objective function in the formulation and solved the reformu-
lated optimization problem by the harmonic mean optimization algorithm. This raises
the question of optimality of this reformulation —i.e., the harmonic mean achieved by

our algorithm compared to the true optimum.
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Optimality Conditions for Assigning Tones into Sets:

The proposed SSB algorithm categorizes available tones into three sets and partitions
available power budgets to be used by corresponding algorithms for these sets. The
criteria utilized to partition the tones are derived from the theorem proposed in [13].
However, there is no proof of the optimality of using these criteria to partition the
tones into different sets. Furthermore, the power budget should be added to the

criteria so as to improve the performance of the algorithm.

6.2.2 Sufficient Conditions for Harmonic Mean Function

[1] shows the optimality conditions for FDMA structured signalling for spectrum
management problems with sum rate objective functions. In Chapter 4 showed that
the harmonic mean objective function has the advantage of giving users fairer rates
and ensuring users’ quality of service. Therefore, it would be very intriguing to study
similar conditions under the harmonic mean objective function. The conditions can

facilitate solving of the problem using the algorithm developed here.

6.2.3 Price Setting for the Resources and Utilization of

Prices to Facilitate the Resource Management

In a free market mechanism, prices usually serve as a leverage to balance demands
and supplies as well as to indicate the relationship between them. In a multi-user
communication system as considered here, heterogeneous system users compete for
a common spectrum so as to satisfy their needs for communication, which creates
the demands for system resources. A system administrator or service provider aims
to devise a scheme to regulate users’ power allocation by utilizing prices. The sys-

tem administrator sets prices on the communication resources in such a way that
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system utility (e.g. revenue) is maximized. In the above mentioned scenario, the
non-cooperative users’ behaviors can be modeled as a non-cooperative game and a
system administrator’s optimization problem can be cast upon the Nash equilibrium
of this game. The existence of Nash equilibrium and an algorithm that finds a Nash

equilibrium are very interesting topics for future work.

6.3 Suggestions to Future Researchers

Throughout the course of my PhD program, I have acquired a significant amount of
knowledge of optimization methods and other valuable skills such as research method-
ology and presentation skills. The most important thing I have learned, which may
be useful to future researchers in this field, is that when dealing with optimization
problems in engineering it is usually not easy to solve them directly from a mathe-
matical point of view. However, with inspiration from the engineering interpretation
on the problem, approximations and bounds may help to reduce the complexity of

the problem while providing a good quality solution.
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Appendix A

Appendix

A.1 Proof of Theorem 1

Recall that we use s and s;”* to denote the power allocated by User k € {0} UK to
the n-th tone at the v-th iteration and at equilibrium, respectively. For the updates of
User k € I, it was shown in [11] that each iteration of the IWFA algorithm in (5.1.6)

is equivalent to solving the following fixed-point equation.

1,v 1,v 1 k 1 1w K 1 1lwv—1 1 1lwy—1
Sk Sk, — Ok — Zj:l QS — Zj:k-{-l QS5 — QoiSo
N,v N,v N k N N,y K N N,yy—1 N N,uv—1
Sk S, T 0k — Zj:l asES; — Zj:k—',—l QG155 — QS ~
1 k=1 1 Lv K 1 -1 1 1lv-1
—0p — Zj:l QS Zj:k—i—l QS5 QokSo
- . (A
N k=1 N Nyv K N Nv-1 N _Nyv-—1
-0 — Zj:l Q555 Zj:k-ﬁ-l QLS55 Aok So ™~
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where in (A.1) we have used that af, = 1 for all n € N, and []5 to denote the

projection onto the polyhedron

N
Pe={(sh - sI0< sp < Stppon=1,...,N, s = B},
n=1

(A.2)

Note that, in contrast with the polyhedron in (5.0.4), in the polyhedron in (A.2), the

power constraint is satisfied with equality.

Now, in a similar fashion, the jammer can update its power in order to solve

[ 1 K al shv i
1,v sV 4+ Z 0k Sk
Sy 0 k=1 ( K 1,v )( K 1, 1,0 )
0 i1,k sy oy, =1 0585 Fagesy oy,
= b
N,v N,v + ZK aé\;si\r’y
So So k=1 (ZK N _N,v N)( K N _Nv, N _Nyuv N) R
B J=1, j#k YkS; T TOog j=1%kS; " TaorSo T Tk ) | py

where the set Py is defined in a fashion similar to (A.2).

Let 5" be the power allocation at equilibrium of User k € K, at tone n € N.

Furthermore, let
ny s

ny
b, = 5

At equilibrium we have

1,% 1
Sk O
N,x N

n,*
k

k-1 N
- Zj:l QL5

Vi € K,

S aks
j=1 Q35

N, *

Ix

n,v __ n,v o T,k
and 't = s, 50
ZK 1 Jx 1 1=
j=k+1 YjkS; QorSo
)
N Nx N N*
— QpSo

— 3 ks
j=k+1 Yk :
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and

[ 1,% ZK ot Sl'*
1,% S + 0k°k
’ 0 k=1 K 1, K 1,% 1,
%0 (ijl,#k e ; +"i) ( j=1 %kS; +O0k 50 *+0i)
N N,x
sé\/,* sé\/,* + Z}[: *0k5k
=1 K N Nx*, N K NN, N _Nx*, N
L (Zj:L#k @S5 Ty ) (Zj:l OGS FagRsy T oy )_ Po

We now subtract (A.5) from (A.1), and (A.6) from (A.3). Using the non-expansiveness

property of the projection operator [11], one can write

1,v 1 ,.1v—1 k=1 1 ,1v K 1 4lv—1
by —QogT Zj:l ajit; Zj:k-i—l ajit;
<
N,v N, .Ny—1 k-1 N, /N,y K N N,v—1
U |~ ok” - Zj:l agpt; — Zj:k-i—l ajit;
1 171/—1 1 17” 1 17V_1
Qo . agt; . agt;
< + : + E
j=1 Jj=k+1
N, Nv—1 N4N,v N Nwv—1
| kT agt; agt;
k-1 K
v—1 v v—1
< agullr D el + Y asller (A7)
j=1 j=k+1
. 1, N,
where in (A.7) we have used t{ and r” to denote the vectors [t,",--- ¢, ""]" and
[Pty o N T respectively, and gy to denote H[ozjl-k, . ,a%]Hz.

Using a technique similar to the one in [11] we can express the inequalities in (A.7)

for all users simultaneously in the following matrix form.

. 1#
141 :
Al 1| < {B ﬁ] o, (A.8)
=l [l
K
- el
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where

—Qq2

—O1K

—O0K

7 00&21
0
0 0
0
, B=
0 0
1
- 0 0

31

K1

65:¢)

O K-1

Y

and [

Qo1

QoK

(A.9)

where the inequality in (A.8) is to be interpreted element-wise. Notice that A is a

non-singular Z matrix with (entry-wise) non-negative inverse. The matrix B and the

vector (3 are also non-negative. Hence using [36, Property 2.5.3.18], we have that (A.8)

imply that

sl

< {A‘lB A‘lﬁ}

%I

If we use t¥ to denote the vector [Ht;”

1< 1481, 14-81)

[l

(7l

)

[l

I~

(A.10)

T
||t’;(||] , then (A.10) implies that

(A.11)

We now turn our attention to the jammer’s updates; cf. (A.3). In order to simplify
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our exposition, we will use the following notation.

nk § : n o nx cr;';
Ck = Oéij a—gk,
J 1 J#k
ny n nyu i
¢ = Z}k 15 . ajps;” + g (A.12)
Jj=1,j
dn7* N % + SZ’*
kT % G’
dn,u . onw SZ’V Al
V= o (A.13)

Using a technique similar to the one used for the users’ updates and employing the

non-expansiveness property of the projection operator, we use (A.3) to write

1,v 1,%
1,v 1v + E :K Sk _ Sk
r k=1 (L7 fsl M) (@ +ob”) (b +so ) (dh i)
< : (A.14)
N,v N,v K skN’u 5;1:]'*
T ro ‘|‘§:_ N, Noy N NoT TN  Nay NG N
k=1 (Ck’ +50" )(dk 'V+80’ ) (Ck’ +sbV )(dk’ +5) ,*)

Using partial fraction expansion, the n-th entry of the vector on the right hand

side of (A.14) can be written as

K
E o a
A n,V T, % n?/k T, % - 8% T, * nOf o )
( k:1<(c7 + 507 ) (e + sy ) (dyT sy )T+ sgT A )

’I’L,*

- Z( k(dn* + sg’*) N (CZvV + s )k(dnu n*)) (A.15)

Let T be an N x N diagonal matrix with the n-th diagonal entry given by

K
ol ol
1— N . — Ok . (A.16
< Z(< T F ) (@ @ g s ey ) 10

k=1
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Furthermore, let 7} be an N-dimensional vector whose n-th entry is given by

n,v 827* SZW
Ve = % % T, * R\ [ U % U N E (A17)
: (" + s Ndy™ +507) (g7 + 507 )(dy" + s7)
Now, (A.14) can be bounded as follows
K
I < e+ ||
k=1
K
< 1 allr )+ |||
k=1
Assuming that || T"[|, < 1, then we have
&
I < (= 1) 7 S (A18)
k=1

In order to analyze the matrix T* and the vectors {7y}, we will need a lower bound
on s;””. In Appendix A.2 we provide a lower bound 7} such that 0 < 7 < s;"", for
all iterations v, k € K, n € N. Using this value of 7}, we can readily derive a
lower bound on ¢;". In particular, if we let c;;, , denote this bound, then it follows

from (A.12) that

n nl/ g 1 A
kY e 2 (S wpeet) S (19
0k

Jj=1,j#k =1, j#k

Similarly, a lower bound on d; can be derived from (A.13)

n A 1 n
mink — Cmin,k + n M - (A2O)
ok

Now that we have a lower bound on s;"", ¢ and d;"” , we can proceed to analyze
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Y in (A17). From (A.17), our goal is to bound {7,”} as a linear combination
of |t”" j—1- This requires some detailed computation which we present below. By

definition, we have

o _ G S ) — S s+ i)
(ck +307 Ndy™ + 57 ) (e + 507 ) dy" + s7)
(5°)20% = 55”1 + 5" s (ep + i) — s (6 + )
(k™ + 50 dy” + 507 (e + 507 ) (dy” + 5p7)
‘sz* n,v ZV _ Szucz*dn,*
(e + 50" Ny + 507) (" + 567 ) (" + sp7)

+

BN e Lt s (6 + ) — e + )
S T e ) R CUE T
_'_ ‘S’fkl* n,v ZV—SZVCZ*dn*
(k™ + 80 )Ndy™ + 807 ) (e + 5o )(dy” +s57")
(A.21)
kel ol (6 + ") - s (6" + i)
— A (e + Shhaxo) (67 + Shhaxo) "*dn’*dn’”( i T Shaxo)
(k™ + sS’*)(dZ S0 )( "+ 50 )(dZ’” +57)
(A.22)
(Sthax0) 1" Staxol s (g + di) = 577 (" + d}Y")
T (i) (Crin e T Sthax0)? cr dZ’*dZ’”( ST o)
I g i
T I )
(A.23)

where in (A.22) we have used the fact that both the first and the second term of (A.21)
are monotone increasing in sy’

Next we bound the third and second term in (A.23) separately. Let a;"” denote
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the third term of (A.23). Then, using the definition of d;"” in (A.13), we obtain

ag,

ny

IN

IN

IN

IN

<

n,x N,V jn,v n,v n*dn7*
}Sk kK~ Sk Ck
%
dz* ZVdZV
Nk N,V n,v sp” N,V Mk Nk syt
sy en™ (e "‘@) i o (e "‘agk)‘
Cn,*dn,*cn,udn,u
S (e = ) sy () = sy (e
o ¢ n, dn,*cn,udn,u
7L*
S| | o [ = (s ) ()]

N,k gk LU gn,U
Ck d ¢, dy

(Zj:Lj;Ak gy,

SryIllax,j + n]rgz>cn

min,k“min,k

dn
(A.28)

n,k _n,v
TG e S (P
N,k .U _n,v
k Cr O
sl — G et o o
N, nk k sy Nk MY m SPN dn* TLl/ n,v
agcy e (e + )( a + @) o (e + o, )dj k
(A.24)
( g’lax,k)2|cn7y - Z’*| + Sg’lax k(cn’y + CZ’*)|Cn7V - CZ’*| |tn7u W
2 Sihax,k \2 Nk MU Nk S hax. k dn v dVrev udn,u
A (Cin ) (Coin e n ) e (e + Tan ) k Tk Tk
(A.25)
(Sglax,k)2|cz’y - C?*| + Sg’lax k|C”7V - n’*| Sg’lax k|C”7V - n’*|
n
agk(c?nimk)Z(c?nin,k SZZL:,/C )2 CZ I/( Z * + max k) n,v CZ *( o ‘l’ max k )dn v
‘tn N7 n *
@+ B
Ok
(a4 =G 2l = e
n 5k
agk(cgin,k)2(c?nin,k + %)2 mln kd?mn k( mm k + maz k) (C?* + Z%k )anmk gnn,k
(A.26)
K
( ( rrrLlax k)2 + QSryrllax,k ) Z n |tn,u|
= ™ iklt;
(agk)2(cgin,k>2( min,k + mzz : )2 aOkcmm kdmin,k (C?nin,k + r;zzk) Jj=1,j#k
75 ZK—l 2k O O max,
J=1j# J
K
(Z] 1, j#k a]kSman + Sk ) g’un,kdglin,k
(A.27)
K
( r?lax k)2d&in k + QSryrllax,kC&in,k(agkc?mn k + SrrrLlax,k) Z a’ |tn’u|
5| Cs
d?mn k( :an,k)2(agkcgin,k + ‘S§n83x k) j=1, j#k T
K
i1,k VS, o
+ K k |>

Y



where in (A.25), we have used the fact that the first term in (A.24) is monotonically
increasing in both s, and s,"", and that the second term in (A.24) is monotonically
increasing in s;”*. Similarly, in (A.27) we have used the fact that in (A.26), the last

term is monotonically increasing in ¢,
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We now consider the second term in (A.23). Denoting this term by b;"", we have,

Staslsi (67 + 4 = SL (e + )

by" = I I IV (Y
g p T d (" + Shavo)
_ Shhaxolsk *( G +d) = (s + 4G + d7)
ey (6 + Shaxo)
_ Sglax(]‘sn *(kaz,u_i_dz,u n* dn *) tz,u( n,* dn *)
n,*dn,*dn 1/( n,v + Sffl 70)
Sg’lax Osk |C d" — " i dz >|<| + Sﬁlax,O“ZW (027* + d;:*)
UG Sﬁi o) & dy"dy (e + Shhaxo)

— Sg’lax 0827*|Cn71} + dan " ' d: >k| Sg’lax O|tn7u + Sg’lax 0|t"7V

CZ *( Cp. —|— )dn V( Y + S&axo) d?*dzw( . + Sglax,O) C?*dzﬂj( . + Sr?lax,O)
< Srrrllaxosk (2 Zg 1, j#k ]k|tny| + |t ) Srrrllaxo‘tn’y Sryrllaxo‘tn’y

n ,%

% U/ _T,U n + N,k U/ _T,U n
ap.cy (e)” @)dzy( A ST o) d"d (e + Shaxo) G A (67 + Shaxo)

(A.29)
rrrllax,O maxk(2 Zg 1, 7#k jk|tny| + |t ) SI?]&X,OHZW
CZ’*(QOka + Smax,k)dz V( Y + SI?laX,O) d?*dzw(czw + Sg’lax,O)
SEolty”
+ max, 0‘ (ABO)

"y (e + Shaxo)
rrrllax,OSmax,k (2 Zj 1, j#k ;Lk|tn7y| + |tZ7V )

n n .n n
Cmin,k(QOkcmin,k + Smax k) min, k( mln,k + Smax,O)
- 1 1
max,0

+ ‘tn,u
dg’un k( Crnin k + Smax 0) (dg’un k Cg’lin,k) g
K
. 2Sr7rllax OS:‘ILlaX k Z am |tn,u‘
= AL
Cg’lin,k(agkcg’lin,k + Smax k) min, k( mln,k + rrrllax 0) T

J=1,j#k

max,0 ( + + max,k ) |tn7
k
n n n n n n .n n
dmln k( mln,k + SmaX,O) dmin,k Cmin,k Cmin,k (OéOkain,k + Smax,k)
(A.31)

where in (A.30), we have used that the first term in (A.29) is monotonically increasing
in s

Using the bounds on a;” and b;"" in (A.28) and (A.31), respectively, the scalar ~,"”
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n (A.23) can be now bounded by a linear combination of {[¢}”|}/<,. In particular,

let f;' be a 1 x K row vector whose entries are defined as,

n K n Qn
[fk] (Smax,0)2 + Zj—l Jj#k aijmaxj
n n K n
(dmlﬂ k) ( min,k + Smax 0) (Z] 1, j#k a]kSmax J + nk) mln,kdmin,k

max,0 ( + + max,k )
n n n n n .n n ’
dmln k( mln,k + Smax 0) mln,k Cmin,k Cmin,k(QOkcmin,k + Smax,k)

(A.32)
[ n] _ ( g’lax k>2dg’1in k + QSglax,kCglin,k(agkcg’lin k + Sﬁlax,k)Qén
" dgun k( len,k)2(agkcg’un k + Sg’lax k) "
+ 2Sm Smaxk n . % k
ai 9 ? )
Cglin,k (QOkaln k + Smax k) min, k( mln SI?laX,O) g
(A.33)
and let
t" = [[#] - [T (A.34)
Using (A.32) and (A.33), v,”" can be now bounded by
N < SRttt (A.35)

Hence, the vector v} can be element-wise bounded by the product of an N x
NK block-diagonal matrix, Fj, and a KN x 1 vector whose entries are [t]""]|,n =

1,...,N,k=1,..., K. In particular, we define

f;% 0O --- 0
0 2 .00

ENN f"“ . (A.36)
0 0 - fN
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and write

Vi < Fyt”, (A.37)
where t¥ is defined as
tl,l/
2 (A.38)
tN,I/

Substituting from (A.37) into (A.18), we obtain
Il < (1= 772)" HZF | e (A.39)

Now using (A.11), we have

y y 1 1 e
Il < (1= 1 ]l2) ZFkH 478l el | - (A.40)
v
Writing (A.39) along with (A.11) in a vector form yields
1] 1 0 IATE B2 [ ATBI | 11l

I 0 (1—[T]2)~"

SR | 1A Bl 1A | e
(A.41)

where the inequality is to be interpreted element-wise. A sufficient condition for

convergence is to have

1 0 AT B> A4

< 1. (A.42)
0 (=7 A (1A Bl 1478

In Appendix A.3, we show that the condition in (A.42) is equivalent to the condition
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that

(14 (=1

K
ZFkHz) (JA™ Blls + | A7) < 1. (A.43)
k=1

Now, ||Y"]]2 is the only iteration-dependent entry in (A.43). Observe that the left
hand side of (A.43) is a monotone increasing function of | Y*||,. Hence, for (A.43) to

hold, it is sufficient to have

[T7]]2 < 7, (A.44)

where 7 is an iteration-independent constant, that satisfies

(1+0- T>—2H§: Fk‘D (1A' Blls + A7) < 1 (A.45)

We now consider the diagonal matrix T%; cf. (A.16). The spectral norm of this
matrix is given by the maximum absolute value of its diagonal entries. Hence, in

order to satisfy (A.44), we must have

K n
E - «
max 1_ n,v n,* n?/k n,* - nv P nOf o ) <7-7
" ( <(Ck’ +so ) (e sy ) (dE 4 sy ) (dE A syt ) ) )T

(A.46)

K n .
E o e
min| 1 - Uil % nqjk % - n,v n,* nof n,* ) > —T.
" ( <(Ck’ +sg ) (R sg ) (4 s+ sgT ) ) ) T

(A.47)

We begin by considering the condition in (A.47). This condition can be written as

K

Sh s )

max n,v n,* n,v n,* - n,v n,* n,v % <7+1
n kz((ck 507 ) +so” A ) (dT +soT)(dT A s )

(A.48)

Let x1 denote the term on the left hand side of (A.48). We first note that each term

in the summand is a monotonically decreasing function of r™”. Since s;™ + r™" =
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” >0, x1 can be bounded as follows.

K o o,
< m E _
= f}x k=1 (( Sg *) ZW (dZ’" 83’*)d2’y)

K
dnu Y 2 % d™ —
maXZQOk( ) (n* )n,u_l— i(?l/ ( kn,* C’r/‘z]fl/)
N (" + 507 )e " (d” + sg7)dy;

n,v

Sp(2eY + sg + k)

:maxz ok — (A.49)
(" + 55V (" + 56" + o) (e + )

One can check that each term in the summand in (A.49) is a monotonically decreasing

function of s;"”. Hence, we have

Sn
Smax k(zc + 887* + mzx,k)

Yok

) nu( nu+ 0 + Sr?;a:,k)(czw_‘_ Srrrblax,k)'

n n
@ Aok

X1 < maxz e (A.50)

+ sy

Similarly, each term in the summand in (A.50) is a monotonically decreasing function

of V. Hence,

«

K
max,k
’ 0k
x1 < max g — P s (A.51)
T ) T T ) max, n max,k
k=1 (Cmin,k + So )Cmin,k(cmin,k + So + ol )(Cmin,k + ol )

Sn
ek (2Cmin e T 507 + —or)

Finally, one can check that each term in the summand in (A.51) is a monotonically

decreasing function of sy™*. Therefore, we can write

K n max k
S, ax,k 2Cmm k + )

< m Ok
X1 % nax gn
) (Cn max,k )2
mm k min,k agk

Therefore, a sufficient condition for (A.47) to be satisfied is

K n M
S ax,k 2lenlf_l— al )

m Ok
maxz Sféax,k)g <7+ 1 (A.52)

mm k) (C&in,k W
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We now proceed to provide a sufficient condition for (A.46) to be satisfied at all

iterations. This condition can be written as

K n
. Qop Qo
= min n,%\ [ 1,1 n,* Y n,* mn,v T,* > 1-7.
A Z(( T se N e syt ) (A 4 s ) (dr sy +rw))
(A.53)

Noting that each term in the summand is monotonically decreasing in ™", we have

af af
> mlIl o - n,v T, % 01; v
e Z( ( C + SI?I&X,O) (d Tt SO’ )(Cllc7 + Srrrllax,O)

, n,* sz'y s"' Sn sz'y
+507) (%) + 2 (" + Shhao + 2

—1’I111'l Oé nu n,v n,v n,v
Z o ( +50 ey +Srrrllax0)(d + 507 )(d” + Shhaxo)

1

s
+ = . (A55
Sn ax,0 dk7 + SITILlaX,O ) ( )

> mln
Z ny—i_Sg’laxO)(dzw—i_Sg’laxO

Sy 1
= A.54
mmz ke b ) (A0

max,0 maXO < _I—SO
(s

3 nw

>mmz<( (agk)” sk

2
Z] 1,j#k angman + aOkSmaXO + Uk)

1
K
(Zj:l,j;ék a]kSmaxj + Sk + aOkSglax 0 + O-l?)
(o) s
T K n n K n qn n\2 )’
(Ej:l,j;ék aijmaxj + aOkSmaX,O + Uk) (Ej:l,j;ék a]kSmax] + Sk _'_ aOkSmaX,O + ak)

(A.56)

where (A.55) follows from observing that each term in the summand in (A.54) is

monotonically decreasing in s;™*. Since (A.56) is a monotone increasing function of
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sp”', we can use the lower bound 7} < s (cf. (A.74)) to write

n \3,,n
Yo > mmZ( (%k) T

2
(Z] 1,5#k a]ksryrllax] + aOkSmaXO + Uk)

1
K n Qn n n Qn n
(Zj:l,j;ék Oéijmax,j + M + OéOk“gmax,O + Uk)
i (ot )’k )
K n n K ’
(Z] 1, j#k a]kSmaXJ + aOkS ax,0 + Uk) (Z] 1, j#k a]ksmaxg + nk + aOkSmaXO + Uk)

(A.57)

Now, a sufficient condition for (A.53) to be satisfied is to have

mmZ(( (age)’n

n 2
Z] 1, 5#k aijmaX] + aOk maxO + Uk) ( j=1,j#k ijmaxg + nk + aOkSmax 0 + Uk)
X (o) i )
K K n 2
(Z] 1, j#k a]kSman + aOkSmax 0 + Uk) (Z] 1, j#k a]kSman + nk + aOkSmaXO + Uk)

>1—rT. (A.58)

In summary, if conditions (A.45), (A.52), and (A.58) are simultaneously satisfied,
the GIWFA iterations are guaranteed to converge to a unique Nash equilibrium point

for the non-cooperative game (5.0.5). This completes the proof of Theorem 1.

A.2 A lower bound on sk

Denote the interference level observed by User k € KC on the n-th tone at the v-th

iteration by I,””, where

- K
= Z sy + Z al st T agse T (A.59)
=1

j=k+1
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Since

i < S o Vn e N (A.60)
an upper bound on I, can be expressed as
K
]IZN/ S ]I:Llax,k = Z a?ksglax,j' (A61)
Jj=0, j#k

For every k € I, let the permutation 74 (-) be defined such that

7Tk(1 —'—]ﬂ—k(l 7Tk(2

7Tk(N
max k

+ 1) (A.62)

max

+ [Wk(2

max, k

<o

Before we proceed with our analysis, we provide a brief discussion regarding the
IWFA algorithm. If we denote the water-level by uy. Now, at each iteration, one

can categorize the N tones into three classes; tones on which User k allocates power

n

max,k» tones on which User k performs standard water-filling, and tones on which

User k puts no power. While the power allocated by User k on the first class of tones
is not affected by the increase in water-level, if that exceeds a certain level, the power
allocated on the remaining tones can only increase if pf increases. Furthermore, we
note that the constraints in (A.60) serve to increase to the water-level. In other words,
if the constraints in (A.60) were not enforced, the water-level would decrease in order
to bring the power level in the respective tones up to the water-level. Since in this
section we are considering a lower bound on s, a worst-case scenario would be to

assume that none of the constraints in (A.60) is active. In this case we have
ST — [ — (I o Y F L yne N, (A.63)

where [-|T denotes the projection onto the non-negative real line.
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Assuming, for simplicity of exposition, that at the v-th iteration the noise plus
interference assumes distinct values on each tone, it is possible to identify N water-
level intervals. In particular, the water-level within a certain interval would only
cover a certain subset of tones. Let the number of tones covered by water at the
v-th iteration be mj and let these tones be denoted by 7. (1),...,7Tx(m}), where,

unlike (A.62), 7x(+) is an iteration-dependent permutation of tones such that
oD | o @) @y o TN (N (A.64)

Our goal is to find a lower bound on mj, and to identify the tones that
User k € K is guaranteed to activate at every iteration of the GIWFA. For the
tones 7 (1), ..., mx(m}), the term inside the square brackets (A.63) is non-negative,
and this term is strictly negative for all remaining tones. Using this notation, we can

express the water level explicitly as

1 i (i), (i
= — P+ D + o)), (A.65)
k i=1

Substituting from (A.65) into (A.63), and noting that the choice of m} is such the

term inside the square brackets (A.63) is non-negative for all j for which

me(j) € {me(1),. .., T(mi)}. (A.66)
Sm(]) (Pk“‘z 7r;c Wk(l))> o (ng(j),u_l_agk(j))
Vj for which (A.66) holds, (A.67)
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Observe that if for the m4(j)-th tone (A.66) does not hold, then the definition of m}

m(5),v

implies that s, = 0, and this tone is not used by User k at the vth iteration, and

hence is not in the set of interest.
Let my € {1,..., N} be the desired lower bound on mj. Furthermore, let a,(:)

denote the noise variance of User k € K that satisfies ak) < ak Yfori=1,...,N—1.

We will show that if my is defined to be the largest integer for which

mp—1

(my — 1)(ot? + I7500) < Py + Z o, (A.68)

is satisfied for all j < my, then my, < my, Vv. Since my, satisfies (A.68), then my, also

satisfies

(my — 1) (o9 4 17y < P+ Z W 4 ey, (A.69)
NGNE)

where 7 (+) is the permutation of tones defined in (A.64). This is because the right
hand side of (A.69) is at least as great as the right hand side of (A.68) and the left
hand side is less than or equal to the left hand side of (A.68).

Now, (A.69) is equivalent to writing
1 o T (),v (2 7w (J),v . (J
m—k<Pk + Z(I,j( Mt o ’)) — (I 4 o) > 0. (A.70)

We now compare (A.70) with (A.67). Since by definition, m} is the largest integer
for which the right hand side of (A.67) is greater than or equal to zero, we conclude
that my, is less than or equal to mj. However, from (A.68), we note that the definition
of my, does not depend on the iterations. Hence, from (A.68), we know that the tones

(1), ..., m(my) are going to be activated by User k in each iteration.
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Using the fact that m; is a lower bound on the number of tones that are going to
be activated, we can write a lower bound on the water level, pf at the v-th iteration.

In particular, using (A.65) and (A.66), it is easy to see that

1 (7 (1),
pi = < (Pt Yo+ 10, (A.71)

i=1

Now, substituting from (A.71) into (A.63), we have

_ 1 My . 1 +
S 2 [ (P o) - (1- N)Izk("”” —op® WneN, (A7)
- i=1
r1 ok (i 1 mL(n T (n +
- i=1
! — 7 (4) 1 - m(n) gme(n) ()] F
[ S -(-3) $ s wex
) i=1 §=0, 7k
(A.74)
Finally, we define 7} as
ATl i ; 1 - *
W2 [FEAY T (G0 X S -] . AW

where my, is the largest integer for which (A.68) is satisfied, and the tone permutations
m(+) are defined in (A.62) for all k£ € KC. Hence, from (A.74) we have that 1} is an

iteration-independent lower bound on s;"”.

A.3 Proving the equivalence of (A.42) and (A.43)

In order to show that the condition in (A.42) is equivalent to that in (A.43), we notice

that the 2 x 2 matrix on the right hand side of (A.42) is rank 1. Let us denote this
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matrix by Z; i.e.,

1 0 A™'B A1
L |A7B) A7a) | )

0 (1= [ll2) "l iy Fillz | |IAT Bl 475

The condition in (A.42) is equivalent to || ZZ7T|y < 1. However, because Z is rank 1,

then ZZ7 is also rank 1, and we have

K
1227 = T(227) = (1+ (L= 1070) 2 Y Fell3) (1A BIE + 1 4*81%) < 1.
k=1
(A.77)

which is the condition given in (A.43).
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