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Abstract

In multi-tier cellular networks, user performance is largely affected by the varying
transmit powers, distances, and non-uniform traffic loads of different base stations
(BSs) in both the downlink (DL) and uplink (UL) directions of transmission. In
presence of such heterogeneity, decoupled UL-DL user association (DUDe), which
allows users to associate with different BSs for UL and DL transmissions, can be
used to optimize network performance. Again, in-band full-duplex (FD) communi-
cation is considered as a promising technique to improve the spectral efficiency of
future multi-tier fifth generation (5G) cellular networks. Nonetheless, due to severe
UL-to-DL and DL-to-UL interference issues arising due to FD communications, the
performance gains of DUDe in FD multi-tier networks are inconspicuous. To this end,
this thesis develops a comprehensive framework to analyze the usefulness of DUDe in
a full-duplex multi-tier cellular network. We first formulate a joint UL and DL user
association problem (with the provision of decoupled association) that maximizes the
sum-rate for UL and DL transmission of all users. Since the formulated problem
is a mixed-integer non-linear programming (MINLP) problem, we invoke approxi-
mations and binary constraint relaxations to convert the problem into a Geometric
Programming (GP) problem that is solved using Karush-Kuhn-Tucker (KKT) opti-
mality conditions. Given the centralized nature and complexity of the GP problem,
the solution of which serves as the upper bound for any sub-optimal solution, we
formulate a distributed two-sided iterative matching game and develop a solution to

obtain the solution of the game. In this game, the users and BSs rank one another



using preference metrics that are subject to the externalities (i.e., dynamic interfer-
ence conditions). The solution of the game is guaranteed to converge and provides
Pareto-efficient stable associations. Finally, we derive efficient light-weight versions
of the iterative matching solution, i.e., non-iterative matching and sequential UL-DL
matching algorithms. The performances of all the solutions are critically evaluated
in terms of aggregate UL and DL rates of all users, the number of unassociated users,
and the number of coupled/decoupled associations. Simulation results demonstrate
the efficacy of the proposed algorithms over the centralized GP solution as well as

traditional coupled and decoupled user association schemes.
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Chapter 1

Introduction

1.1 HetNets

The Heterogeneous Network (HetNet) technology (illustrated in Fig. [?7]) is a
promising technology to cope with the ever-increasing demand of mobile users served
by the cellular networks. It is basically densification of the traditional homogeneous
macrocellular network with the integration of small cells. A HetNet comprises of a
system with large-power macro base stations (BSs) underlaid with small-power cells
(or nodes) such as relays, femtocells, picocells etc. The objective of the small cells
is to improve the capacity by serving the users of highly dense areas. All the small
cells may use the same frequency band but with a reduced transmit power to improve
the network performance. Actually higher received signal strength can be achieved
due to the reduction in the distance between the small cells and the users. Small
cells are able to provide better quality of service (QoS) guarantee by offloading users
from the macrocells to the small cells. The performance of the cell-edge users are also
enhanced (i.e., coverage range of a macrocell is improved) via instalment of the small

cells.
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Figure 1.1: Heterogeneous network.

HetNets with small cells will be a key ingredient of the evolving fifth generation
(5G) cellular wireless technology (Fig.[L.2). 5G networks will include different types of
small cells such as femtocells, picocells, and microcells with different characteristics.
A qualitative comparison among the different types of cells in a HetNet is shown in

Table [L.1]

1.2 User Association

User association is a fundamental problem for a cellular wireless network. It refers
to the method of assigning BSs to the users for uplink (UL) and down link (DL)

transmissions. The heterogeneity of the 5G systems (Fig. [?]) due to the deploy-

2



Chapter 1. Introduction

i ‘ E—— WIRED LINK

% MASSIVE MIMO LINKS
D = WIRELESS LINKS
= s T e RESOURCE LINK
1 = DD RELAY e =
2 COMMUNICATION s CONTROL PLANE
> ‘ \ \ ¢ NN | mmmmm———— USER PLANE
L \ ﬁ i N SER PLA
i \ \ —
0 \ i N ;ﬁ N\
\ - i N
\ \ 7 ~
\ - <
i QA 4 -1 )/ 27 Eae CR- Cognitive Radio
o RS Ry / - N VLC- Visible Light Communication
- 9\ A \ S 4 LOS-Line of Sight
MOBILE SMALL CELL NETWORK- = LAY N \\ AN SERVER MIMO-Multiple Input Multiple Output
. i -<( o) vz 1 §< . $ CPE-Control Plane Entity
¢/ - A UPE-User Plane Entity
i M- T T ----- =5 N S NI-Network Intelligence
@l LY N NEV-Network Function Virtualization
/ ( e
A ___-- MASSIVE MIMO

\ SN NW-Network
» ) \ N XaaS-Network Functionalities as a Servi
~ aa, etwork Functionalities as a Service
NETWORK % D2D-Device to Device Communication
N & N
. |
SMALL CEL - /

\
) \ COMPUTATIONAL
() = | p DEVICE

GIGABIT
WiFi ETHERNET

@ H

Internet of
Things QqT)

Figure 1.2: 5G cellular network architecture.

ment of different types of small cells significantly increases the density of the network
compared to conventional single-tier networks. Disparities in the cell sizes introduce
a major challenge in the association strategies. For such networks, user association
schemes need to be developed to efficiently handle the challenges such as system ca-
pacity maximization (i.e., to maximize the number of users that can be served in
the network), load balancing, quality of service (QoS) guarantees, reduce the outage
probability for cell-edge users, simultaneous association to multiple BSs, etc. The
traditional notion of associating users to the strongest BS may not be optimal in
such networks. Also, the associations in the downlink and the uplink may not be

to the same BS. For example, Fig. shows the association of a user (i.e., mobile
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I Attribute [ Macrocell Picocell Femtocell Wi-Fi i
Coverage Wide area Hot spot Hot spot Hot spot
Type of Outdoor Outdoor, Indoor Indoor
coverage indoor
Density Low High High High
BS installation Operator Operator Subscriber Customer
Site acquisition Operator Operator Subscriber Customer
Tx. range 300-2000m 40-100m 10-30m 100-200m
Tx. 40W (approx.) 200mW-2W 10-100mW 100-200mW
power
Band license Licensed Licensed Licensed Unlicensed
System 5, 10, 5, 10, 5, 10, 5, 10,
bandwidth 15, 20MHz 15, 20MHz 15, 20MHz 20MHz
(upto 100MHz) | (upto 100MHz) | (upto 100MHz)
Tx. rate upto 1Gbps upto 300Mbps 100Mbps-1Gbps | upto 600Mbps
Cost $60,000/yr $10,000/yr $200/yr $100-200/yr
(approx.)
Power High Moderate Low Low
consump.
Backhaul S1 interface X2 interface P 1P
Mobility Seamless Nomadic Nomadic Nomadic
QoS High High High Best-effort

device) to a macro BS in the downlink and to a small cell BS in the uplink.

1.3 Full-Duplex Communication

Full-duplex (FD) transmission has been recently considered as a viable technique to
enable efficient spectral reuse in 5G multi-tier cellular networks [?]. Contrary to the
popular half-duplex transmissions, FD transmissions imply simultaneous transmis-
sion and reception of information in the same frequency band; thus doubling the
spectral efficiency ideally [?]. However, the performance gains of FD transmissions
were initially dubious due to the overwhelming nature of the self-interference (SI),
which is generated by the transmitter to its own collocated receiver. Recently, with
the advent of antenna and digital baseband technologies, it has been shown that SI
can be reduced close to the level of noise floor; thus making FD transmission a prac-
tical solution. The FD transmission can be realized in two modes, i.e., bi-directional

full-duplex (BFD) and three-node full-duplex (TNFD) as illustrated in Fig. In

the BFD mode, a user associates to a single BS for simultaneous UL and DL trans-

4



Chapter 1. Introduction

N
W
(((((&rgﬂ))))) I
Downlink
(@0
WY
(((((m!n))))) —~— .
Uplink

Figure 1.3: User association in downlink and uplink in a HetNet.

missions in the same frequency band, whereas in the TNFD mode a user (or BS)
associates to different BSs (or users) for simultaneous UL and DL transmissions. As
such, the BFD mode is analogous to coupled association; whereas, the TNFD mode is
analogous to the decoupled association [?]. SI in both modes have been also depicted
in the Fig. In the BFD mode, the user and the BS both are capable of FD and
thus receives SI due to the simultaneous transmission and reception. On the other
hand, in TNFD mode, the user is doing UL and DL with separate BSs and the UL is

creating SI to the receiver of the user.
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Figure 1.4: Graphical illustration of the BFD and TNFD modes of operation along
with SI.

1.4 User Association Policies

Different user association policies have been adopted for cellular wireless networks.

The major schemes are as follows :

e The most popular user association scheme is maz-RSS scheme, where the users
are associated to the BS from which they receive the highest signal power.
But in HetNets, this policy may lead traffic load imbalance (and consequently
reduced system performance) due to power disparity among BSs in different

cells (e.g., macrocells, picocells).

e To overcome the problem of max-RSS based scheme, biased user association
was proposed to offload the users from the macrocell by adding a biasing factor
to the small cells. This scheme is also known as cell range expansion (CRE).
However, the high interference realized at the offloaded users from the macro

cells may affect the performances of the offloaded users significantly.
6
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e (Q-learning based scheme was proposed to offload users considering the interfer-

ence so that the network throughput is maximized.

e Due to the high transmit power of the macrocells, network energy efficiency is
directly affected by user association. Therefore, energy-efficient user association

schemes were also considered in the literature.

e User association schemes were proposed to optimize the spectrum efficiency and
coverage probability. Game theory has been widely studied in the context of

cell association for optimizing spectrum efficiency.

Traditionally, in single-tier cellular networks, coupled association considers the
same user association criterion (e.g., DL, maximum received signal power) for both
UL and DL transmissions. Due to the homogeneity of BSs in a single-tier network,
this user association criterion guarantees optimal performance. Nonetheless, with the
evolution of multi-tier cellular networks, the user performance is largely affected by
the varying transmit powers, distances, and non-uniform traffic loads of different BSs
in both the DL and UL transmissions [?]. In such a network, coupled association
may no longer guarantee optimal performance. For instance, in a two-tier macrocell-
small cell network, a user may achieve a higher UL rate by associating to a nearby
small cell base station (SBS) instead of connecting to a far-away high power macro
base station (MBS). Note that the UL transmission rate of a user is a function of
its distance from the BS and its own transmit power (i.e., not the transmit power of
the BS to which it is associated with). For this reason, the concept of associating
a user with different BSs for UL and DL transmissions has been advocated recently

for performance enhancement of 5G multi-tier cellular networks and is referred to as

Decoupled UL-DL User Association (DUDe) [?,7,7].
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1.5 Challenges in User Association in HetNets

In the presence of multiple network tiers, the network management and coordination
become more challenging. One of the main objectives (or challenges) of user associ-
ation in HetNets is to maximize the transmission rate in the network by mitigating
co-tier and cross-tier interferences. Note that user association obviously affects these

interferences which are defined as follows:

e Co-tier interference is the interference between neighboring small cells. It
occurs in the same tier of the network. For example, in a two-tier macro and
small cell network, a small cell user may cause UL co-tier interference to another

small cell.

e Cross-tier interference is the interference between the macro cell and the
small cell. For example, small cell users create cross-tier interference to the
macro cell via UL and the macro users cause cross-tier interference to the small

cell.

Compared to the single-tier networks, non-uniform coverage and load imbalance
among different cells due to the disparity in the transmit powers make the problem
more challenging. In addition, in presence of FD, the interference dynamics in the
network changes due to the new types of interference introduced in the network,
namely, self-interference, uplink-to-downlink interference, and downlink-to-uplink in-
terference, in addition to the co-tier and cross-tier interferences in the downlink and
in the uplink. Therefore, user association policies should be designed which can

maximize the network capacity in presence of all of these type of interferences.
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1.6 Motivation

The existing studies in the literature focus on investigating the performance of DUDe
in half-duplex systems with distinct UL and DL frequencies. In particular, the new
UL associations (after decoupling from DL associations) do not affect the perfor-
mance of DL transmissions. As such, the performances of UL and DL transmissions
can be optimized independently. However, this independent optimization of UL and
DL transmissions is not valid for FD DUDe networks. The reason is, using the same
frequency in both the UL and DL will result in the TNFD mode where UL-to-DL
and DL-to-UL interferences can be significant [?]. Compared to the BFD mode,
these additional interferences make the feasibility of TNFD networks uncertain. This
necessitates dynamic user association methods that can exploit decoupled associa-
tions in an efficient manner (e.g., to maximize the overall UL and DL data rate)
while considering severe interferences in FD DUDe networks. In this context, this
thesis develops a comprehensive framework that analyzes the usefulness of DUDe in
multi-tier FD cellular networks while providing efficient distributed solutions for user

association.

1.7 Problem Definition

In this thesis, we deal with the problem of user association in a full-duplex small
cell network. Each of the user in the network needs an association for both UL
and DL transmission. Our target is to maximize the overall UL and DL sum-rate
of all the users in the network. Users are allowed to choose either decoupled or
coupled association to maximize the overall sum-rate. The utility of an individual
user is calculated as the sum of the attained UL and DL rates. Each BS has a quota

(Maximum number of users that can be associated to a BS) for both UL and DL. The
9
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BSs can not associate to more than quota number of users. All the users as well as BSs
are capable of doing FD transmission. As a result new kind of interference conditions
i.e., self-interference, UL-to-DL and DL-to-UL interferences need to be considered
while rate calculation. Maximization of the overall user rate in both the UL and DL
demands for a careful choice of decoupled association in considered network. In this
thesis, we will solve this aforementioned user association process to maximize the

overall rates of the users.

1.8 Related Work

Recently, the performance of DUDe has been investigated in various half-duplex net-
work scenarios using standard stochastic geometry tools [?,7,7, 7,7, ?7]. In [?], the
authors investigate the performance of DUDe using system level simulations and
demonstrate the significance of DUDe in UL with the increasing density of SBSs.
Assuming decoupled UL and DL user association based on path-loss and maximum
received signal power, respectively, the association probability of a user is derived for
different BSs in [?].

It is shown that a large number of users prefer decoupled association. Another
stochastic geometry framework is presented in [?] to derive the achievable capacity
of a system with DUDe. The accuracy of the expressions is verified by using Voda-
fone’s real-world simulation tool (Atoll). In [?], UL signal-to-interference-plus-noise
ratio (SINR) and rate coverage analysis is presented for multi-tier cellular networks
with the provisioning of DUDe. In [?], the authors propose a heuristic cell-load and
backhaul-aware user association algorithm. Based on a Vodafone’s trial network, the
authors demonstrate the superiority of the proposed algorithm over the conventional

approaches. In [?], the authors propose a decoupled user association strategy based

10
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on instantaneous received power in DL and UL. They derive the UL and DL user
association probabilities for co-channel BSs in finite multi-tier networks.

The problem of optimizing UL and DL user association has been considered in
various half-duplex system settings. For instance, [?] presents a gradient search-based
UL and DL user association scheme that considers minimizing the user transmit power
and network resource consumption. In [?], joint DL and UL cell association problem
in a multi-tier network is formulated and solved while optimizing the sum of weighted
UL and DL long-term average data rates. Considering the complexity of the exact
solution, a two step sub-optimal solution is proposed.

In [?] and [?], UL and DL user association problem is formulated and solved to
optimize the UL/DL energy efficiencies and ratio of the DL data rate and the UL
power consumption, respectively. In [?], an algorithm for UL and DL user association
is provided to minimize the sum of UL and DL average traffic delay, UL power con-
sumption of the users, and on-grid power consumption in DL. A convex optimization
problem is formulated to minimize the weighted sum of the cost of average traffic
delay and power consumption.

Another set of relevant research works include [?] and [?] where stable matching
is exploited separately for the DL and UL user association problem, respectively. In
particular, [?] solves the DL user association problem for small cell networks where
the utility function is in terms of rate and fairness to the users. Further, in [?],
matching theory is exploited along with the coalition games to solve the UL user as-
sociation problem. Interdependent user preferences are considered while formulating
the matching game. In [?], the authors study context-aware user association for DL by
formulating the problem as a matching game with externalities (i.e., the performance

of each user and SBS is strongly affected by the dynamic formation of other associa-

11
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tions in the system). In [?], the authors modelled the cooperative spectrum sharing
of primary and secondary users as a matching market and a unique Pareto-optimal

equilibrium is shown to be achieved for the primary users.

1.9 Contribution

The contributions of this thesis can be outlined as follows.

e For a multi-tier cellular network, we formulate a joint UL and DL user asso-
ciation problem (with provisioning for decoupled association) that maximizes
the sum-rate for UL and DL transmission of all users. Due to complicated
UL-to-DL and DL-to-UL interferences and integer optimization variables, the
formulated problem is a non-convex NP hard problem. We thus perform binary
relaxations and interference approximations to convert the problem into a con-
vex Geometric Programming (GP) problem. The GP problem is then solved

using KKT optimality conditions.

e Since the performance of the users is strongly affected by the dynamic formation
of other associations in the system, we formulate and propose a distributed game
based on iterative matching theory. In this matching game, users and BSs
rank one another using preference metrics that are subject to the externalities
(i.e., dynamic interference conditions). Since the formulated problem is in the
form of many-to-many matching game, we solve the problem by transforming
the many-to-many matching game into a many-to-one matching game. The
proposed algorithm is guaranteed to converge and it provides Pareto-efficient
and stable associations. The complexity and signaling overhead are discussed

for the developed iterative matching algorithm.

12
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e Finally, based on the proposed iterative matching, we derive non-iterative and
light-weight matching algorithms (i.e., non-iterative matching and sequential
UL-DL matching algorithms) and discuss their convergence, stability, and com-
plexity. The performances of all the solutions are then critically evaluated in
terms of aggregate UL and DL rates of all users, the number of unassociated
users, and the number of coupled/decoupled associations. Simulation results
demonstrate the efficacy of the proposed algorithms over the traditional decou-
pled user association scheme based on path-loss in the UL and received signal
power in the DL. Our results clearly show the significance of decoupling not
only in UL but also in DL. However, the results also reveal that the choice of
the percentage of decoupling in high interference scenarios is also important to

achieve overall rate maximization in the network.

1.10 Preliminaries

1.10.1 Rate Calculation

The propagation channel between BS and user is subject to path-loss, log-normal
shadowing and Rayleigh fading. In particular, we denote the channel gain between

two nodes a and b as G, which is modeled as follows:
Ga,b - ‘ha,b|2d;’§

where |h,|* denotes the fading channel power gain between nodes a and b, € is the
path-loss exponent, and d, is the distance between a and b.
The signal-to-interference-plus-noise ratio (SINR) at the receiver determines the

maximum transmission rate that can be achieved in a communication link. The SINR

13
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~ at the receiver can be calculated by dividing the received signal power by the sum

of interferences and noise power as follows:

where P is the received signal power, o2 is the noise power, and I denotes the interfer-
ence power. Based on SINR, the data rate R in a transmission link can be calculated

by using Shannon’s formula as follows:

R = Blog,(1+ )

where B is the bandwidth of the transmission channel.

1.10.2 Basics of Matching Game

In this thesis, we exploit “Matching Theory” to solve the considered decoupled UL-
DL association problem in FD cellular networks. Matching theory is a framework
that provides mathematically tractable solutions for the combinatorial problem of
matching players in two distinct sets, depending on the individual information and
the preferences of each player. Depending on the type of players, their partitioning,
and the quota (maximum number of players that can be matched to a player of
opposite group) of each player, there are different classes of matching problems as are

mentioned herein [?,7, ?]:

e (One-to-one matching: In one-to-one matching, the quota of each player in a

given set is one.

e Many-to-one matching: In this case, the quota of each player in one of the two

14
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sets is equal to one; whereas there exists at least one player in the second set

whose quota exceeds one.

o Many-to-many matching: Many-to-many matching occurs when there exists at

least one player in each of the two sets whose quota exceeds one.

Given the aforementioned classifications of the matching games, the considered user
association problem falls in the category of many to many matching. The reason is
that each user can possibly get associated to either 1 or 2 BSs for the UL and DL
transmission; whereas, each BS can also associate to multiple (more than one) users
at the same time. Thus the considered user association problem can be formulated

as a many-to-many matching game.

1.11 Organization of the Thesis

The major contents of this thesis is organized in three chapters. The brief description

of the chapters is given below.

e In Chapter [2] we present the system model, channel model, interference model,
and other assumptions for the proposed user association scheme. Here we for-
mulate the problem as a convex GP (geometric programming) problem and

write the KKT conditions to solve the problem in a centralized fashion.

e Due to high computational complexity of the centralized solution, we propose
a distributed solution based on well known matching theory in Chapter [3] We
analyze the convergence, optimality and the computational complexity of the
proposed scheme. The performance of the proposed iterative matching scheme

is compared with that of centralized solution as well as conventional solutions.
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e To reduce the complexity of the proposed iterative matching solution in Chap-
ter [3, we propose some light-weight solutions in Chapter 4] We also present
simulation results for the proposed schemes and compare the performance with

iterative matching.

e We conclude the thesis in Chapter [5| highlighting several directions of future

research.

1.12 Scholastic Outputs and Achievements

Table 1.1: Summary of scholastic outputs

1. | S. Sekander, H. Tabassum, and E. Hossain, “A matching
game for decoupled uplink-downlink user association in full-
duplex small cell networks,” IEEE Globecom Workshops (GC
Wkshps), pp. 1-6, Dec. 2015.

2. | S. Sekander, H. Tabassum, and E. Hossain, “Matching
with externalities for decoupled uplink-downlink user asso-
ciation in full-duplex small cell networks,” IEEE Interna-

tional WIE Conference on Electrical and Computer Engineer-
ing (WIECON-ECE), pp. 411- 414, Dec. 2015.

3. | S. Sekander, H. Tabassum, and E. Hossain, “Decoupled
uplink-downlink user association in multi-tier full-duplex cel-
lular networks: A two-sided matching game,” IEEE Transac-
tions on Mobile Computing, to be submitted.

This thesis includes some previously published material in the conferences as sum-
marized in Table This work would not have been possible without the contribu-
tion of all the co-authors listed in the referenced publications. The copyright as well
as all rights of the works (and therefore the parts of the thesis) are retained by the

authors and/or by other copyright holders.

16



Chapter 2

Centralized Approach for User

Assoclation

2.1 System Model

2.1.1 Network Deployment Model

We consider a two-tier small cell network where MBSs are overlaid by open-access
SBSql Let £ and K denote the set of L BSs and the set of K users, respectively.
Each BS [ (which can either be a SBS or a MBS) can allow a maximum number of
users (referred as quota) up to ¢t and ¢ for association in the UL and in the DL,
respectively. We assume a shared spectrum access scenario, i.e., all tiers utilize the
same channel for UL and DL transmissions. The considered network is illustrated in
Fig. 2.1}

To enable efficient spectral reuse, we consider that users and BSs (both the MBS

and SBSs) are capable of performing FD transmissions. FD transmission can be

'The framework is however valid for a general n-tier system where different BSs have distinct
coverage regions and transmit power levels.
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Three-node Full-Duplex

(BFD)

- -- UL Transmission
- -- DL Transmission <@ DL-to-UL interference

4—— Self-Interference ~®—— UL-to-DL interference

Figure 2.1: A two-tier cellular network with multiple full-duplex users, MBSs, and
SBSs. Graphical illustration of UL-to-DL and DL-to-UL interference.
realized at all BSs and users with a single antenna for simultaneous transmission and
reception via three-port circulator.

All BSs transmit using a maximum power of P, [ € L; whereas, each user trans-
mits with a maximum power of P, k € K.

Since multiple users (i.e., maximum of ¢/ and ¢{ in the UL and DL, respectively)
can associate to a BS [, the probability of a user to transmit or receive on a given
channel, referred to as channel access probability, can be defined as follows:

1 . K ()
K 0 i) oy >0

518 = D=1 %, ’ (2.1)

0, otherwise

where (-) = u for UL and () = d for DL, ,8,2)1 denotes UL or DL channel access

probability of a user k associated with BS .

1, if a user k is associated with BS [

0, otherwise

18
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That is, a BS schedules each associated user with equal probability, e.g., if four users

are associated to a BS [, the channel access probability of a user k will be B,(J = 0.25.

2.1.2 Channel Propagation and Interference Model

The propagation channel between BS to BS (DL-to-UL), user to BS (UL), BS to user
(DL), and user to user (UL-to-UL) is subject to path-loss, Log-Normal shadowing
and Rayleigh fading. In particular, we denote the channel gain between two nodes a

and b as G, which is modeled as follows :
Gap = |hap|*d

G,y denotes the composite Rayleigh distributed channel fading power and Log-
Normal shadowing power between nodes a and b, £ is the path loss exponent, and d,
is the distance between a and b. For the considered system, the interference incurred

at the BSs and users can be elaborated as in the following.

Interference Incurred at Users

Interference received at a given user k associated to BS [ in the DL is composed of

the following two types of interferences, i.e.,

e Traditional Downlink Interference (Iys_ue): is received at user k from all other

BSs transmitting in the DL except [ and can be described as

[bs—)ue = E Pl’Gk,l’Zk:’,l/
V£l
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K . o
where Zyy = Y, a8 8% . Note that user k will receive interference from

BS I' iff any user k' is associated to it in the DL, i.e.,

1, if at least one user k' € KC associates to BS I
Ziyp = (2.2)
0, otherwise
For example, if a BS has two users associated in the DL, each user will have

a 50% chance to access the channel, i.e., 5;‘3/1/ = 0.5. As a result, Zpp will

be 1(0.5) 4+ 1(0.5) = 1.

o UL-to-DL Interference (l,e_sue): is received from all users that are transmitting

in the UL and can be described as

Tie—sue = E Py G 1o X 1
K £k

where Xy = 3Sh_, gy B - Note that user k will receive interference from a
user k' iff the user k' is associated to any BS I’ € £ and successfully access the

channel for UL transmission, i.e.,

1, if user k&’ is associated to BS I’ € £ in UL
Xy = (2.3)

0, otherwise

Interference incurred at BSs

Interference received at a given BS [ associated to user k in the UL is composed of

the following two types of interferences, i.e.,
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e DL-to-UL Interference (Ihs_ps): is received from all BSs that are transmitting

in the DL and can be described as

Tossbs = E PuGryZy v
VA

o Traditional UL Interference (Iye—ns): is received from all users that are trans-

mitting in the UL, i.e.,

Lyesps = Z PGy (1 — aggr ) X -
k' £k
Note that BS [ will receive interference from a given user &’ iff &’ is associated
to a different BS [" # [. Thus the factor (1 — aj,;) will be one only if user £’

is associated with a different BS.

Remark: The considered system model can be extended for the half-duplex scenarios
in a straight-forward manner. That is, if users utilize separate frequency channels for
UL and DL transmissions, there will be no SI, DL-to-UL interference or UL-to-DL

interference, hence I s = 0 and [e_ue = 0.

2.2 Decoupled Uplink-Downlink User Association: Rate

Maximization

In this section, we present the formulation of the user association problem considering
the interference aware utility functions. Each user wants to associate for simultaneous
UL and DL transmissions. Each user has a provision for decoupling their association.
The utility is calculated as sum of the UL and DL rates attained per user. Each BS

has a quota on the maximum number of associated users.
21



Chapter 2. Centralized Approach for User Association

To maximize the overall user rate in both the UL and DL, the problem of decoupled

user association in FD two-tier cellular networks can be formulated as follows:

L K
m u 5u Ru + d 5d Rd
max Op 1Pt ™ O 1P 1 1

ak,l’o‘ll;,l =1 k=1

K K
subject to C1: Zaﬁ,l < qld,Za};J <qg,VieLl
k=1 k=1 (2.4)

L

C2:) ap)€{0,1},Vk €K
=1

C3:ap) €{0,1},0<8)) <1

where a,&)l € {0,1} is the association variable, i.e., if a user k is associated with a BS

[ in UL or DL, then its corresponding 04,(;7)1 =1,

1. 1s the achievable UL rate of user
k associated with BS I, Ry, is the achievable DL rate of user k associated with BS 1.
Constraint C1 indicates that each BS has a predefined quota on the maximum number
of users associated to it in either UL or DL. That means a BS can be associated to
at most ¢' users in UL and ¢ users in DL. Constraint C2 indicates that each user
can associate with at most one BS in the UL and at most one BS in the DL.

The data rate of a user can be calculated by Shannon’s capacity formula

Ry) = Blogy(1 +74))

where 7,&3 is the SINR of user £ associated to BS [ in UL or DL, i.e.,

P
P)/l::l,l = (Pka,l)/([bs—)bs + [ue—>bs + _l

c —|—02)

P
7](37[ = (Ple,l)/([bsHue + [ueaue + L + 02)

¢
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where o2 is the noise power, % and % denote the SI at user and BS, respectively,
and ¢ denotes the SI cancellation capability of the user or BS.

Note that ¢ depends on the nature of the SI cancellation algorithms [?]. For
ease of exposition, we consider ( to be a constant value in this thesis. Since the
SI incurred at a given BS [ or user k£ depends on its own transmit power, we can
define the residual SI power at the BS and user after performing SI cancellation as
% and %, respectively. The optimization problem given in (1) is a combinatorial
mixed-integer non-linear programming problem (MINLP) and thus computationally

complex to solve in real-time.

2.2.1 Relaxation of Binary Constraints and Approximations

To simplify the aforementioned centralized problem, we consider following approxi-

mations

e a worst case approximation of the interference at a given BS [ arising from
other BSs, i.e., I1s_ps. The interference at a given BS [ receiving transmissions
from user k can be realized from all other BSs that are transmitting in the DL.
However, if an interfering BS is not associated to a user in the DL, it will not
contribute to the interference Is_ 1. In practice, the number of users are much
higher then the number of available BSs; therefore, such a case is unlikely to

happen. Thus, we approximate Zj ; ~ 1 and thus [,s_ps ~ fbs_>bs and we get

Tps—ps = E PGy,

Vel /£l
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Similarly, the interference at user k from BSs can also be approximated as

Ibs—>ue = E Pl’Gk,l’

VeLl#l
That is, user k& and BS [ will receive interference from all BSs I’ excluding [.

e an average approximation of the interference at a given BS [ arising from the
users transmitting in the UL [, ,,s. For a network of K users and L BSs,
K ysers will be associated to a single BS, on average. But each BS can not

L

accommodate more than ¢ users; therefore, the average load per BS is min(q, %)

The channel access probability of each user can then be approximated as — (1(1 i
min(q, T
and we get
i - Zk’elc,k’;ék: Pkr’Gk:’,l Zl’e[ﬁ,l/;ﬁl O‘E/,z'
ue—bs — A K
min(q, 7)

Similarly, the interference received from all users transmitting in the UL can be

approximated as

- o Zk’elc,k:’;ék Py Gk Zl’eﬁ Qg o
min(q, %)

[ueﬁue -

Using these approximations in (2.4]), the objective function can be written as

follows.
L K
max ———¢~ min(g Z Z aplogy(1+7p,) + afl logy (1 +73,) (2.5)
2 =1 k=1
where
o PGy,
kil = 7

' [bsﬁ\bs + [ueﬁbs + % + 02
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PGy,

]bs—me + ]ue—me + % + 02

d
Vil

For ease of exposition, we assume equal quota ¢q for UL and DL; however, this is not a
limitation of the solution approach. We also relax the discrete UL and DL association

variables as follows :

L
0<> af, <LVke K
=1
L
0<) af, <LVEEK
=1
0<ap) <1

Here we can consider the association variables as the association probabilities where
each user has a certain probability to associate to a BS. Each user will try to associate
to a BS with whom he has maximal association probability. Finally, we approximate

log(1 + 7) =~ log~ assuming high SINR regime.

2.2.2  Formulation of Geometric Program (GP) and KKT Optimality
Conditions

By noting that (2.5)) can be reformulated, after high SNR approximation, as follows:

K
B
max ———— log, (@ A" ) + log. (ad d7 56
agl,a;lmin(q,%)zz gQ( k,ﬂk,l) gz( k;,ﬁk,z) ( )
S I=1 k=1
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This can be equivalently written as :

L K
log, oy PrGry )+
max E E 0g2 u
d mln Zk’elc,k’;ék Pk’Gk/,z Zl’ec,l’;ﬁl Ot 1t P,
ak,lvo‘kl =1 k=1 Zl’GL,l’;ﬁl Pl’Gl,l’ + min(q,%) + ?l + 0'2
d
1 ( OélePle,l
O u
g2 Z P G 4 Zk’eK,k’;ék Pk’Gk’,k ZZ’EL ak’,l’ 1 P, X 0_2
! ! -
ver £l YUYk min(q, ) ¢
(2.7)

And as log x is a monotonically increasing function; maximizing log x is equivalent to
maximizing z. Provided that maximizing the SINR is equivalent to minimizing the

interference to signal plus noise ratio, we get

ke K/ #£k PG Yver 141 s P,
L K > ) ) k!l Py 2
e ) 2 2! (reern TGt w5 MR
min 0g,
O‘% 1O mln 1 Oé}gl lPka,l
) =1 k=1 s
2orrer w2k Pt Gtk 2vec @y P 9
> vecyn PrGre + — K S+ Eto
+ log, ( : min(q, 7-) )
2 d
akJPle:,l
(2.8)

The objective in ([2.8]) can be formulated as a convex geometric programming (GP)

problem as follows:

I K A i ZkIEK’k/?ﬁk Pk’Gk’,l Zl’eﬁ,l/;él a;,’l/ B 4 Zklelc’k/;ék Pk’Gk’,k ZI’EL C“Z',z/
. min(q, ) min (g, %)
min | | | | 7
u 3 n u
af el 1T s min(q, 7)o In(2) PG min(q, L)aklln( VPG
(2.9)

Where A ZZ’GE £ -Pl’Gl v —|— + O' and B Zl’eﬁ = -Pl’Gk v —f- —|— 0' IH the
first term, the denominator is a monomial and the numerator is a posynomial. The

ratio of a posynomial to a monomial is also a posynomial [?,?]. Similarly the second
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term is also a posynomial. Hence the problem formulated above is a standard GP
problem which can be solved to find the optimal association.
By defining the expression in (2.6) as F (o}, a%jl), the Lagrange of the formulated

problem can be written as

K L
‘C<a}<:l,l7 ag,lv >‘a Wy Vs 77) = 'F(az,lv ag,l) + Z )‘k<1 - Z O‘Z,l)
k=1 =1
K L L K L K
) (L= ad)+ ) wmla—Y ai)+ Y mla—) af)
k=1 =1 =1 k=1 =1 k=1

where A = (A, ..., Ag), 0 = (p, o, i), v = (v1,..,v),n = (M1, ...,m) are the La-
grange multipliers corresponding to the inequality constraints. The first order nec-

essary conditions (Karush-Kuhn-Tucker (KKT) conditions) for the optimality of the

formulated problem can then be obtained by deriving azf = 0, and aif = 0, as
k,l k.l
shown below.
PG,
oc 1 Z In(2) min(q, )
a ugu In(2 B > kttg PGy 2o iau/’/ ,
O{k,l ak,l n( ) i€L,i£l jEK,j#k Zl’;ﬁi -Pl'Gl'Z’ + k'35 min(q’%; #i Yt + % + 0-2
In(2) min(q,%)
Ty hen=0
Z/ ~P/G/'z/ Oéu,, .
€L jek gk Dy PrGrj + == g S 2ol
T
(2.10)

The details of the derivation are provided in Appendix. Moreover,

oL v
daf, ~ W(2)ad, MM

27



Chapter 2. Centralized Approach for User Association

and the so-called complementary-slackness conditions can be written as

L
M1 =) ap) =0, Vkek

K
mlg—Y o) =0, VIEL

and A\, >0, ux>0, vy, >0, >0 VkeKVlelLl.
Solving these KKT conditions using gradient descent method will lead to optimal

solutions. First we write the dual problem as follows:

: u d
min - max  L(ag;, @, A, 1, V5 1). (2.11)
>\7M7V77720 C!z l,a% ZZO

Since the primal problem is a convex optimization problem, the optimal solutions for
the primal and dual problem are equal [?]. Therefore, in the following, we solve the
dual problem using gradient descent method. That is, given the values of the Lagrange

multipliers, the association variables for UL and DL can be updated iteratively as

follows. ] N
u u oL
()™ = () =& dat, (2.12)
- 1+
oL
(ag’l)tﬂ = (Oé(li,z)t - 52@ (2.13)

the notion [z]|* represents that z is non-negative number, that is, z > 0. The optimum
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values of the Lagrange multipliers that provide the optimum associations can be

calculated as follows:

oc1t [ -
)\Z—H = |:X,; — §3a—)\k:| - /\Z - 53(1 - Za}cl,l) (2'14)
i =1 1
oc1t [ Lo
pitt = [u',; - 548_} = | — &1 =) af)) (2.15)
Fok i =1 |
i 1+
i oL1* =
vth = |y — §5a—m = |y — &g - Za};,l) (2.16)
i | I k=1
i 1+
‘ oL -
77;4_1 = 772f — 563_771 = 77; —&elq — Z ag,l) (2.17)
i | i k=1

where &3, &4, & and & are sufficiently small fixed step size for updating A, u, v, n
respectively. The gradient-descent based user association algorithm is given in Al-
gorithm 1. Since the optimal association variables are continuous, we can consider
them as the association probability of users. After calculating the optimal association

variables, each user selects a BS that has the maximal association probability.

Algorithm 1 Algorithm for GP-based Centralized User Association

Initialization : Initialize step size ¢ and Maximum number of iterations

t = 0; Initialize (o))", (ah))", M, pifs vf 70

while F (o}, af ;) does not converge or t # I do
Calculate (aj,)"*", (o )" using equation and respectively.
Update N, +1, pb + 1,/ +1,nf +1 using equation (2.14), (2.15)), (2.16) and
respectively.
t=1t+1

end while

Each user sets the maximal value of optimal association variables to 1 and the

others to 0.

Note that, global network information should be provided to a centralized con-

troller to carry out user associations, therefore, it may not be feasible to implement
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centralized solution in practice. However, it can serve as an efficient offline bench-
mark for the online distributed user association algorithms presented in later sections

of this thesis.

2.3 Simulation Results

In this section, we present numerical results that quantitatively analyze the perfor-

mance of the centralized GP solution which is attained from Algorithm 1.

2.8.1 Simulation Parameters

For our simulations, we consider a single MBS overlaid by randomly deployed small
cells, unless stated otherwise. The transmit power of each SBS is 3W and MBS is
20W. The quota is taken as ¢' = ¢! = 2 for all BSs [ € £. The channel experiences
a Rayleigh fading with the path-loss exponent set to & = 2. Rayleigh fading has
been modeled as exponentially distributed random variable with mean 1 and shadow
fading is modeled as a log-normal random variable with a mean of 0 dB and a standard
deviation of 8 dB. Noise level is assumed to be -151dBW. The users are distributed
randomly in the network and each user has a transmit power of 1W. We consider
¢ = 100dB SI cancellation for the BSs and the users. All the statistical results are
averaged via a large number of runs over the random location of users and BSs and the
channel fading coefficients. The unassigned users are given a zero utility throughout

the simulations.

2.3.2  Performance of Centralized GP Solution

Fig. depicts the aggregate rate of all users in the network considering both UL

and DL transmissions as the number of user varies. The centralized solution obtained
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Figure 2.2: UL and DL rate of all users in the network with a MBS and two SBSs as
a function of the number of users.

from Algorithm 1 is presented in the figure. With the increase in number of users
in the network the aggregate DL and UL rate increases.

Fig. depicts the outage in the network considering UL and DL transmissions as
the number of users varies. Outage can be defined as the number of users those remain
unassociated. Outage in UL is given as K — f ZL: . Similarly, K — i i ajy, is

k=11=1 k=11=1

the outage in DL. As expected, the number of outages increase with the increase in

number of users due to increasing competition.

2.4 Summary

In this chapter, we have formulated the problem of user association considering both
UL and DL with a provision of decoupling. Our objective is to maximize the sum-rate
for UL and DL transmission of all the users in the network. The formulated problem
is a non-convex NP hard problem. Therefore, we have performed binary relaxations

and interference approximations to convert the problem into a convex Geometric
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Figure 2.3: Performance, in terms of UL and DL outage in the network with a MBS
and two SBSs as a function of the number of users.

Programming (GP) problem. We have derived the KKT optimality conditions and
then solved the GP problem using Algorithm 1. We have performed simulations to

show the performance of the algorithm by varying the number of users in the network.
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Distributed Approach for User

Assoclation

3.1 Iterative Matching Game Formulation

Matching theory framework can provide mathematically tractable solutions for com-
binatorial problems of matching players in two distinct sets, depending on the infor-
mation and the preferences of each player. A conventional matching game involves
the problem of matching multiple agents in two distinct groups, where each of the
agents wants to be matched with a partner in the opposite group [?,?]. Initially,
each player makes a preference profile over the players of the opposite group and
takes some actions according to the preference profiles they make, i.e., sending, ac-
cepting, and rejecting proposals. The matching outcome yields mutually beneficial
assignments among players. Nevertheless, in the presence of externalities (preference
of one player is dependent on the preference of other players), one player might find
it beneficial to change its partner to improve its utility once a matching game is over.

In this regard, iterative matching provides a player the opportunity to deviate from
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a previously agreed decision.

In this section, we use iterative matching theory to solve the considered user
association problem where each user associates to a maximum of two BSs for UL
and DL transmissions. A BS, however, can associate to multiple users at the same
time. The considered user association problem can therefore be formulated as a
many-to-many matching game. We first transform the considered user association
problem from a many-to-many matching game into a many-to-one matching game.
We then describe the method for preference list calculation for different players in
the formulated many-to-one matching game. Finally, we describe the implementation

details of the proposed iterative matching-based algorithm.

3.1.1 Transformation of Many-to-Many Iterative Matching Game

As has been mentioned before, the considered user association problem can be for-
mulated as a many-to-many matching game where users rank BSs in the UL as well
as DL using their predefined utilities and form their preference lists (more details
will follow in Section IV.B) [?]. Nonetheless, due to complicated interferences in FD
DUDe networks, UL and DL associations impact one another directly. Subsequently,
separate preference lists for UL and DL may not capture the interdependency of the
DL choice over the UL choice and vice versa. For example, consider a network with

two BSs and a single user. Clearly, a user has four possible association options, i.e.,
e UL with BS1 and DL with BS2 (DUDe);
e DL with BS1 and UL with BS2 (DUDe);
e UL and DL with BS1 (Coupled);

e UL and DL with BS2 (Coupled).
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In all four association options, the incurred interference and thus the achievable rate
utility will be different. Therefore, it is crucial to consider each of the above options
as a virtual player (or agent) defined by its unique utility. Note that the initial
set of players (two BSs) can be transformed into a set of four virtual players that
are represented by the four options listed above. The transformed game can now be
referred as a many-to-one matching game since each user needs to be matched to only
one virtual player and these virtual players are referred to as BS agents. A graphical
illustration is provided in Fig. . Consequently, for a total of L BSs, we have 2(5)
options for DUDe and L options for coupled association, i.e., a total of 2(5) + L
players (or BS agents).

Now to define a many-to-one matching game formally, we let A/ to be the set of
BS agents such that |N| = 2(5) + L. Each element of set N can then be defined
as n = (ly,1q), where [, represents the BS for UL association and [, represents the
BS for DL association, where [,,l; € {L}. If Userl gets matched to BS agentl (e.g.,
n = (1,2)), we can say BS agentl is matched to Userl. In other words, we can state
that BS1 is matched to Userl in UL and BS2 is matched to Userl in DL. Therefore,
a matching from a user to BS agent can be interpreted as user to BS matching for
UL and DL. Mathematically, the matching and iterative matching can be defined,

respectively, as follows.

Definition 3.1 (Matching). A matching p is the outcome of the considered associ-
ation problem and can be defined as a function [?] from the set KK UN into the set

KUN such that
o | u(k) |< 1 for each user k and p(k) € N UD.
o |u(l)| < q and |u(la)| < qf for each BS agent n.
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o k€ pu(n) if and only if pu(k) =n.

The tuple (KK,N, Q, =, =xr) determines the cell association matching problem, where
= {>r ke is the preference set of users, =n= {>np}nen is the preference set of

BS agents, and Q is the quota vector.

Definition 3.2 (Iterative Matching). For a given pair of association (k,i), (k',j) in
a matching p (where k, k' € K and i,j € N'), a iterative matching uﬁj can be defined
as pf; = {p\ (k,i)} U (k,j). That is, iterative matching allows a given user k to
change its matching iff it is beneficial in terms of its achieved utility. A matching
w with link (k,i) € w is then said to be stable if there does not exist any iterative
matching uﬁj such that user k prefers BS agent j toi Nk € K] or BS agent i prefers
user k' to k Ni e NJ.

3.1.2  Preferences of the Players

To fully describe the matching pu, the preferences of the players (i.e., users and BS
agents) need to be well defined. The method of defining preference list for each user

and BS agent is described as follows.

Users’ preferences

From the users’ perspective, each user k seeks to maximize its own utility function
which is given by its UL and DL rates, i.e., EL: g B R, + oz%vlﬁ,ileJ. In order to
maximize the UL and DL rate utilities, eachl:ulser tends to calculate the preferences
over the BS agents, as per the formulated game. To illustrate the calculation of
preference matrix for the players, let us consider a small network with three BSs and

four users. In such a network, we will have nine BS agents.
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Table 3.1: UL association table Table 3.2: DL association table
Table | BS1 | BS2 | BS3 Table | BS1 | BS2 | BS3
Useri 1 0 0 Useril 0 1 0
User2 0 1 0 User2 1 0 0
User3 0 0 1 User3 0 0 1
User4 0 0 1 User4 0 0 1

e Initially, we can consider a random association for the users to the BSs (see
Table 3.1 and Table 3.2). From the tables, we can see that Userl is associated
with BS1 in UL and BS2 in DL. User2 is associated with BS2 in UL and BS1
in DL. Moreover, User3 and User4 are associated with the same BS (BS3) for

both UL and DL.

e FEach user will construct its preference list over the BS agents, i.e., each user

will rank the BS agents depending on the value of their utility.

e The utility of a BS agent for a user can be given as the sum of the UL and
DL rate it can provide to that user. For instance, if Userl calculates the utility
value of BS agent 1, i.e., n = (1,2), it will calculate the UL rate from BS1
and DL rate from BS2. The summation of these two rates represents the utilty
of BS agent 1 for Userl. To calculate the DL data rate, Userl calculates the
received signal from BS2 and the interference received from all other BSs and
users, if scheduled for transmission. Similarly the UL rate from BS1 can also

be calculated.

e Each user calculates its utilities for all BS agents and then ranks the agents

accordingly in its preference list.
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BSs Users BS Agents Users

BSlinULand
BS2 in DL

i

Many-to-Many Matching Many-to-One Matching

><
@ BS1inDLand
BS2in UL

Figure 3.1: Graphical illustration of the considered transformation from many-to-
many matching game into a many-to-one matching game.

Preference of BSs

The preference list of BS agents can be computed depending on the rate the BSs
(within the BS agent) can provide to the associated users. As each BS agent may be
composed of two BSs and the BSs might have different UL and DL quota, the UL
and DL preference lists of a BS agent need to be kept separate. Let us consider a BS
agent (BS1 UL, BS2 DL). This agent has two BSs, i.e., BS1 and BS2. BS1 will have
an UL preference list over the users and BS2 will have a DL preference list over the
users. Each BS in a given BS agent calculates the preference profile iff the quota of
that BS is violated. For example, if a BS1 has a quota of three users in UL and a 4th
user comes in, the preference list over these four users will be calculated. The BS1
will then rank the users according to their achievable UL rate and discard the worst

user.
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Remark: Each user has a complete, reflexive, and transitiveﬂ preference over the
set of BS agents whereas the preference list of a BS is incomplete as each BS makes
up its preference only over a specific set of users who proposed the BS for association.
We also assume strict preferences (so that no user is indifferent between two BS agents

and vice versa).

3.1.3 Proposed Iterative Matching Algorithm

The proposed iterative matching algorithm is illustrated in Algorithm 2 where the
matching is performed in an iterative manner until the network wide stability is
achieved. Initially, each user is assumed to associate with the nearest BS for UL
whereas for DL transmission it associates to the BS from which it gets the highest
received signal power. Then the BS agents are formed to start the matching game.
Each user makes the preference list over the BS agents and checks whether it can get
associated to the most preferred BS agent. If the BS agent is not overloaded (i.e., the
quota of the BS does not exceed the number of its associated users), then the BS agent
accepts the proposal. Otherwise, the BS agent calculates its preference profile and
finds out the worst user among the associated users and discards the worst user. Once
a user gets discarded from the most preferred BS agent, this user has to update its
preference list to remove that BS agen‘ﬂ This user then proposes to the next preferred
BS agent in its preference list and tries to get an association. Once the matching game
is over for all users, each user rebuilds its preference list. The updated preferences may

necessitate changing of the current associations. Therefore, the aforementioned steps

! Let = be a binary relation on any arbitrary set II. The binary relation > is complete if Vi, j € II,
either ¢ = j or j = i or both. A binary relation is transitive if ¢ = j and j > ¢ implies that ¢ = k
vk € 11

2Depending on the number of rejections, the updating cost of the preference matrix might in-
crease.
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continue with the updated preference lists. This iterative process continues until no
new changes are required by further updating the preference profiles. Since iterative
matching allows room for possible changes after a matching decision has been made,
users can update their preferences based on the new interference conditions resulting
from the network wide matching. This helps the users to try for a different BS that

can provide higher rate than the current association.

Algorithm 2 Iterative Matching Algorithm for User Association
Initialization : Each user is associated to its nearest BS for UL and to the BS
providing the strongest received signal for DL
Form the set of BS agents A from the set of BSs £
Each user k forms a preference matrix > k over all the BS agents
while there exists a iterative matching ,ui-f ; such that k prefers j to ¢ where (k,i) € u
do
each k applies to its most Preferred BS agent n
if Any BS [ in the BS agent n is overloaded then
Step 1 : Calculate the dynamic preference >; of BS [ over the currently
associated users
Step 2 : Find the worst user £’ in terms of overloaded BS [
Step 3 : Discard the worst user association in both UL and DL
Step 4 : Discard the BS agent n from the worst user preference
Discarded user propose to its next preferred BS agent until association or > &’
is empty
end if
Each user k rebuilds a new preference matrix > k based on current matching
end while

In the following, we analyze the performance of distributed iterative matching
based user association approach. More specifically, we define and analyze the stability

and Pareto-efficiency of the solution.

Definition 3.3 (Stability). A matching p is said to be stable if there is no user and

BS agent pair (k,n) such that p(k) # n where n =y u(k) and k >, p(n).

Proposition 1 (Stability). The iterative matching algorithm is guaranteed to con-

verge to a stable matching starting from any initial association.
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Proof. Assume that we have a blocking pair (k,n) that blocks our matching p. Thus
n =k p(k) and k =, p(n). If n =, p(k), it means that k& has proposed to n before
proposing to p(k) due to the structure of the preference matrix. That is, k has already
been rejected by BS agent n. Now let us assume that k& has been discarded by BS
agent n due to user k', which means k' =, k. Let the utility value provided by &’
is U(K’). Therefore, in the final matching only someone having utility greater than
U(k') can be associated to n which means p(n) >, k. This contradicts our initial
assumption, i.e., there cannot exist any blocking pair (k,n) in the final matching pu.

Hence p is stable. O

Definition 3.4 (Pareto-Efficiency). We can define a matching to be Pareto effi-
cient if there does not exist a Pareto improvement pair. A pair of users (k,k') is

called Pareto improving pair in a matching i, if (k") =x p(k) and p(k) = p(k').

Proposition 2 (Pareto-Efficiency). The iterative matching algorithm for the user

association is Pareto efficient.

Proof. Assume that we have a Pareto improvement pair (k, k') in our final matching p.
This implies that we can form a new matching p/, where ' = pu—(k, u(k)), (K", u(k"))U
(k, w(k")), (K', u(k)) which will aid in maximizing our objective function. Let the
utility of the achieved matching u be U(u) and the utility of the Pareto improved
matching p/ be U(y). From the definition of preference profile, it is apparent that a
user always proposes to the best ranked agent first. Therefore, if k prefers pu(k'), it has
already proposed to p(k’) and got rejected. Same is true for &’. Hence, U(p') < U(p)
and (k, k") cannot be a Pareto improvement pair. Therefore, our proposed matching

is Pareto efficient. O

Proposition 3 (Convergence). Starting from any initial association, the proposed

iterative matching algorithm is guaranteed to converge to a final matching.
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3.1.4 Computational Complexity and Signaling Overhead

Worst-case computational complexity

In the iterative matching algorithm, the construction of a preference list is the first
step. Since there are 2 x (é) + L BS agents, each user will have a preference profile
of size 2 x (g) + L. With an efficient sorting algorithm, each user can make up their
preference matrix in (2 (g) +L)log(2 (g) +L) = Nlog N time. For K users, the matrix
can be formed with a complexity order O(K N log N). Now, let us consider the while
loop of the algorithm. This loop will be terminated when all users will be associated
or when users’ preference profiles become empty. If we consider the worst case, each
user will have to propose to 2 x (S) + L agents to find a suitable association. It is
obvious that no user will propose to the same BS agent after rejection; thus, users
update their preference profiles and the total attempts made by K users will be
atmost K (2(5) + L). At each rejection, a BS recalculates preference profile to find
the worst user. Using a good sorting algorithm, each BS can make up the preference
list at qlogq cost [?]. As such, the total complexity of the computations within the
while loop becomes O(K (2(5) + L)qlogq) ~ O(K(2(}) + L)) ~ O(KN), which is
linear with the number of users and BS agents. Since the while loop of the algorithm
will be terminated after a finite number of iterations I, the complexity of the while
routine is of O(K'NT). Finally, with the initial preference profile building, the total

complexity of the iterative matching is of O(KNIlog N).

Signaling overhead

Each BS will need to estimate the interference in UL and exchange the information

with the users to help building their profiles. Thus, users will need to estimate
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the interference in the DL to calculate their DL preferences and use the estimated
information from the BSs to calculate their UL preferences. Once the preference
profiles are made, all users run the matching algorithm independently. Whenever a
user proposes to a BS for UL association, the BS will estimate the UL interference
and calculate UL preference list over the currently associated users iff the quota
is violated. On the other hand, users need to send their interference estimates to
BSs in DL so that BSs can build their DL preference profiles accordingly. Once a
matching decision is made, a new association is obtained which needs to calculate the

preferences all over again and the same overheads listed above will apply.

3.2 Simulation Results

In this section, we present numerical results that quantitatively analyze the per-
formance of matching-based distributed user association schemes compared to the

traditional association schemes, i.e.,

o Coupled UL-DL wuser association: In this approach, each user is associated to

the BS providing the strongest received signal both in UL and DL.

e Decoupled UL-DL user association: In this approach, each user can associate
to two different BSs for UL and DL. The association criteria for DL and UL is

highest received signal power and shortest distance, respectively.

We also compare the performance of the proposed matching algorithms with the
centralized GP solution.

For our simulations, we consider a single MBS overlaid by randomly deployed
small cells, unless stated otherwise. The transmit power of each SBS is 3W and MBS

is 20W. The quota is taken as ¢! = ¢ = 2 for all BSs [ € L. The channel experiences
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Rayleigh fading with the path-loss exponent set to & = 2. The channel power gain
with Rayleigh fading is modeled as exponentially distributed random variable with
mean 1 and that for shadow fading is modeled as a log-normal random variable with
a mean of 0 dB and a standard deviation of 8 dB. The noise level is assumed to be
-151dBW. The users are distributed randomly in the network and each user has a
transmit power of 1W. We consider ( = 100dB SI cancellation for the BSs and the
users. All the statistical results are averaged across a large number of runs over the
random location of users and BSs and the channel fading coefficients. The unassigned

users are given a zero utility throughout the simulations.

3.2.1 Iterative Matching Vs. Centralized GP Solution
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Figure 3.2: UL and DL rate of all users in the network with a MBS and two SBSs as
a function of the number of users.

Fig. depicts the aggregate rate of all users in the network considering both
UL and DL transmissions as the number of users varies. The proposed iterative

matching algorithm is compared to the centralized solution which is obtained from
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Algorithm 1. The performance of the centralized scheme is higher than the proposed
scheme both in UL and DL and the performance gap continues to increase with the
increasing number of users. Fig. depicts the outage in the network considering
UL and DL transmissions as the number of users varies. Outage can be defined
in terms of the number of users who remain unassociated. Outage in UL is given as
K— f: i ;- Similarly, K — f: i aj.; is the outage in DL. As expected, the outage
incr:;slels:\lzvith increasing numbke:rl(l)?users due to increasing competition. Further, the

iterative matching is observed to perform nearly the same as the centralized scheme

in terms of outage.
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Figure 3.3: Performance, in terms of UL and DL outage in the network with a MBS
and two SBSs as a function of the number of users.
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Figure 3.4: UL and DL rate of all users in the network with a MBS and three SBSs
as a function of the number of users.

3.2.2  Iterative Matching Vs. Traditional Schemes

Aggregate UL and DL rate of users

Fig. depicts the rate of all users in the network considering UL and DL transmis-
sions as the number of users varies. The iterative matching algorithm is compared
to both conventional coupled and decoupled association schemes. It can be observed
that with the increasing number of users in the network, our algorithm shows no-
ticeable performance gains over the conventional coupled and decoupled association
schemes (especially in the UL scenarios). Due to the provisioning of decoupling and
consideration of interference-aware utility functions, iterative matching-based associ-
ation shows significant improvements over the traditional decoupled as well as coupled
schemes. Note that the traditional decoupled association is not interference-aware.
Further, in case of DL, connecting to a BS that provides the highest received signal

is beneficial. Note that the conventional coupled and decoupled (DUDe) association
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perform nearly the same in the DL since the DL criterion of user association is the
same for both schemes. However, as the number of users in the system increases,
the interference conditions become more intense; thus the gain of iterative matching

becomes evident in DL as well.
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Figure 3.5: Performance in terms of UL and DL outage in the network with a MBS
and three SBSs as a function of the number of users.

Outage (number of unassigned users)

Fig. [3.5] depicts the outage in the network considering UL and DL as the number of
users varies. From this figure, the reduction of outage in both UL and DL compared
to the traditional schemes is evident. In case of coupled/decoupled schemes, users
associate to their nearest BSs in UL, and to the BSs from which they receive the
maximum power in the DL. However, due to the limited quota of the BSs, all users
may not get their desired associations which results in outage. In iterative matching,

users have a preference list and if a user gets rejected from the most preferred BS
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agent it tries to get the next preferred association which increases the number of
associated users compared to traditional schemes. Further, considering interference-
aware utilities and externalities result in dynamic preferences profiles, which plays an

important role in the rate enhancement.
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Figure 3.6: Coupled and decoupled associations in the network composed of a MBS
and three SBSs as a function of the number of users.

Number of decoupled associations

A user k is said to have a coupled association if o} ; = 1 and af; = 1 for any I € £. A
user is a decoupled user if af ; = 1 and ay ), = 1 for any [,1I" € L, # I'. We consider the
users as coupled or decoupled users who have both UL and DL associations. The users
who are in outage in either UL or DL are not considered to be coupled or decoupled
users. With traditional decoupled association, the decoupling of users continues to
increase with the increase in the number of users as shown in Fig. 3.6, Thus the rate
enhancements (especially in UL) over coupled association can be achieved as shown in

Fig. 3.4 However, it may not be wise to continue decoupling of users without taking
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into account the resulting interferences (as is done in traditional decoupling). Note
that more users in the system will lead to higher number of associations and thus
interference. As such, it is crucial to control the percentage of decoupled associations
in the system to minimize the interference while maximizing the rate. In this context,
the proposed iterative matching solution intelligently reduces the number of decoupled
associations and allows more coupled associations while enhancing the overall rate in

scenarios with high user density and high interference as shown in Fig. [3.4]

3.2.8 Impact of Quota per BS

We analyze the performance of iterative matching in UL and DL with increasing
quota per BS in Fig. 3.7 Fig. [3.8l The increase in quota implies a smaller channel
access probability per user. If more users associate to the same BS, the chance
of getting the channel decreases for a specific user. This deteriorates the rate of
individual users which also affects the aggregate rate. On the other side, with the
increase in quota, the number of associated users per BS increases with only one
user transmitting in UL and DL at maximum. Therefore, the total number of users
concurrently receiving or transmitting in the same channel reduces which leads to
interference reduction. Thus the gains from matching tends to reduce with high
quota as the significance of interference aware utility functions decreases. In other
words, when the competition becomes less intense, the usefulness of the matching
algorithm starts to decline, which can also be concluded from our previous results.
Though the traditional schemes perform well enough with less competition in the
network, the outage tends to increase as shown in Fig. [3.8, Thus the performance of
iterative matching is superior from the outage perspective in less competitive scenarios

whereas from the rate perspective in highly competitive scenarios.
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Figure 3.7: Performance in terms of (a) UL and DL rate for all users in the network
with a MBS, three SBSs and twenty users as a function of the maximum number of
users per BS (quota).
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Figure 3.8: Performance in terms of outage (number of unassociated users) for all
users in the network with a MBS, three SBSs and twenty users as a function of the
maximum number of users per BS (quota).
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3.2.4  Number of Iterations to Converge
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Figure 3.9: Number of iterations needed to converge to a Matching solution in the
network with a MBS and three SBSs as a function of (a) the number of users and
(b) the maximum number of users per BS (quota).

Fig. (a) plots the number of iterations needed by the matching algorithms
to converge to a stable solution. The proposed non-iterative matching, sequential
DL-UL matching, and iterative matching are compared. The number of iterations
for convergence increases with the number of users. This is due to the increase in
the number of rejections by each BS as the number of users increases (since the
competition increases). However, with a fixed number of users, if we increase the
quota per BS, the number of iterations reduces (Fig. [3.9(b)). The reason is that each
BS can accept more users; thus the competition reduces in the system and the final
association decision can therefore be made faster. Finally, compared to non-iterative
matching, the sequential DL-UL Matching reduces the complexity even further due

to a direct reduction in the number of players (BS agents).
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3.3 Summary

In this chapter, we have proposed a iterative matching algorithm to solve the formu-
lated user association problem considering externalities. We have first transformed
the game from many-to-many matching to many-to-one matching. We have provided
the proof of convergence and stability of the proposed scheme. We have further ana-
lyzed the computational complexity of iterative matching and discussed the signaling
overhead for real-time implementation of the proposed scheme. Simulation results
have demonstrated the efficacy of the proposed algorithm over the traditional asso-
ciation schemes. Our results show the significance of decoupling both in UL and DL
for dense scenarios. The performance of the proposed scheme has also been compared
to that of the centralized solution presented in Chapter 2. The impact of quota on
matching solution has also been evaluated via simulations. To achieve rate maxi-
mization in the network, the importance of the choice of percentage of decoupling

becomes evident from the simulation results.
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Low-Complexity Matching

Algorithms

4.1 Reducing the Complexity of Matching Algorithms

With the increase in number of BSs, the computational complexity of the iterative
matching algorithm may increase significantly; thus, the need of light-weight matching
algorithms is evident. In this section, we discuss few simplified solutions for the

considered user association problem based on matching.

4.1.1  Non-Iterative Matching Algorithm

A simplified version of the iterative matching algorithm can be generated by removing
the flexibility of re-generating preference profiles at each iteration. That is, once
a stable matching is achieved that fulfills the initial preferences of all users, the
algorithm stops. In particular, each user builds a preference profile over the BS agents
at the beginning and sequentially proposes its most preferred BS agents. However,

once a user gets discarded from the most preferred BS agent, the user has to update
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its preference list by permanently deleting the BS agent and tries to associate with
the next preferred BS agent. Similar to iterative matching, if any UL/DL BS in the
BS agent is overloaded (i.e., the quota of BS exceeds either in UL or in DL), then the

overloaded BS calculates the preference profile and discards the worst user.

Proposition 4 (Convergence and Stability of Non-Iterative Matching:). As the pref-
erence profile of a user is finite and gets shortened at each rejection by BS agents,
this gquarantees that a user will never propose an agent twice. As a result, the while
loop of the algorithm is gquaranteed to terminate once all users are associated or their
preference profile gets empty. Note that stability (i.e., neither BSs nor users intend to
deviate from their current matching) in this game applies with reference to the initial

preferences.

The complexity of the non-iterative matching algorithm is of O(K N log N). The
signaling overhead remains almost the same as the iterative matching algorithm ex-
cept that the users do not need to estimate the channel and rebuild the preference

profile once the stable association is achieved.

Algorithm 3 Non-Iterative Matching Algorithm
Form the set of BS Agents N from the set of BSs £
Initialization : g < ()

Calculate Preference Matrix =, for each user k£ € K
while an user is not associated and its preference profile is not empty do
Pick an unassociated user k
k applies to its most Preferred BS agent n
p— U {k,n}
if Any BS [ in the BS agent n is overloaded then
Step 1-4 from Algorithm 2
end if

end while
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4.1.2  Sequential Downlink and Uplink Matching

In the iterative and non-iterative matching, the number of BS agents increases expo-
nentially with the number of BSs; thus, the complexity increases with the number of
BSs. To reduce this complexity, a sequential matching for DL and UL associations
can be performed. That is, a given user gets matched first to a DL BS and then,
based on its DL association, selects a suitable UL BS. In particular, each user builds
a preference profile over the DL BSs at the beginning and then each user sequentially
proposes to its most preferred BS. If the BS is overloaded, then the BS will remove
the worst user from the association. If the given user is the worst, it will be discarded
and the user will then propose to the next preferred BS. Once the association for
DL is complete, the user will calculate a dynamic preference list over the UL BSs
and choose the best one. This will continue until all the users are associated or their
preference profile gets empty. Here all users will have separate preferences for UL and

DL unlike iterative/non-iterative matching.

Algorithm 4 Sequential Downlink-Uplink Matching Algorithm
Initialization : Calculate DL Preference Matrix for each user over all the BSs
depending on DL rate
while an user is not associated in DL and its preference profile is not empty do
Pick an unassociated user k
k applies to its most Preferred BS [
if BS [ is overloaded then
Step 1-4 from Algorithm 2
else
Calculate the dynamic preference of the user over all the BSs using UL rate
Connect to the best preferred BS whose quota is not filled
end if
end while
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Convergence

The sequential UL-DL matching always converges from any initial association as the
convergence is achieved when each user gets associated or their preference list becomes
empty. At each rejection by the BS, users update their preferences which guarantees

the convergence.

Computational complexity

The length of the preference profile is L instead of 2(5 ) + L. Hence in the initialization
phase, the DL preference profile can be made with a complexity of Llog L per user.
The while loop will terminate when each user is either assigned to a DL BS or its
preference profile gets empty. At each rejection, the BS has to make a preference
profile which can be made with a complexity of O(qlog q). Each user can be rejected at
most L times which takes O(Lqlog ¢) time. So the total algorithm takes O(K Llog L)

time which is a huge improvement over iterative/non-iterative matching.

4.2 Simulation Results

In this section, we present numerical results that quantitatively analyze the perfor-
mance of the proposed matching schemes compared to the iterative matching scheme.

For our simulations, we consider a single MBS overlaid by randomly deployed
small cells, unless stated otherwise. The transmit power of each SBS is 3W and
MBS is 20W. The quota is taken as ¢' = ¢! = 2 for all BSs [ € £. The channel
experiences a Rayleigh fading with the path-loss exponent set to & = 2. Rayleigh
fading has been modeled as exponentially distributed random variable with mean 1

and shadow fading is modeled as a log-normal random variable with a mean of 0 dB
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and a standard deviation of 8 dB. Noise level is assumed to be -151dBW. The users
are distributed randomly in the network and each user has a transmit power of 1W.
We consider ¢ = 100dB SI cancellation for the BSs and the users. All the statistical
results are averaged via a large number of runs over the random location of users and
BSs and the channel fading coefficients. The unassigned users are given a zero utility

throughout the simulations.

4.2.1 Iterative Matching Vs. Low-Complexity Schemes

T | I Sequentl DL-UL Melching Coupled Associations

1 _MNon-terative Matching
- Iterafive Matching

=
T

=

~

o

0
52 4 6 8 10 12 14 16 18 2 2

Number of Coupled and Decoupled Associations

Total Number of Users

Figure 4.1: Coupled and decoupled associations in the network composed of a MBS
and three SBSs as a function of the number of users.

The performances of the proposed low-complexity matching solutions are com-
pared with the proposed iterative matching scheme (Fig. , . It is quite
clear from Fig. that iterative matching performs better compared to the low-
complexity solutions in terms of UL and DL rate. The outage is nearly same for
all the proposed matching schemes (Fig. |4.3). Unlike iterative matching, the pro-

posed low-complexity matching schemes do not consider externalities. The additional
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Figure 4.2: Performance in terms of (a) UL and DL rate for all users in the network
with a MBS, three SBSs as a function of the number of users.
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Figure 4.3: Performance in terms of outage (number of unassociated users) for all
users in the network with a MBS, three SBSs as a function of the number of users.

changes help in increasing the performance of the proposed solution. However, with
the increasing number of users in the network, the low-complexity matching algo-

rithms still show noticeable performance gains. Like iterative matching, with the
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low-complexity matching schemes, the decoupling of users continues to increase with
increasing number of users (Fig. . But as discussed previously, a careful choice
of the percentage of decoupling aids in rate maximization which is perfectly achieved
via iterative matching. Nonetheless, non-iterative and sequential DL-UL matching
can also be a good alternative of the iterative matching to reduce implementation

cost.

4.3 Summary

In this chapter, we have proposed light-weight matching algorithms (i.e., non-iterative
matching and sequential UL-DL matching algorithms) to reduce the computational
complexity of externalities-aware iterative matching algorithm. We have also dis-
cussed their convergence, stability, and complexity. The performances of the light-
weight solutions have then been compared to the performance of iterative matching
in terms of aggregate UL and DL rates of all users, the number of unassociated users,
and the number of coupled/decoupled associations. Although the schemes tend to
decrease the rate performance compared to iterative matching, the computational

overhead is greatly reduced.
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Conclusion and Future Directions

5.1 Concluding Remarks

We have investigated the decoupled UL-DL user association problem in two-tier full-
duplex cellular networks. We have formulated the association problem as a convex
GP problem and solved it to find a centralized solution in Chapter [2| which works
as a benchmark for distributed schemes. We have then formulated the problem as a
distributed many-to-one matching game in which users and BS agents evaluate each
other based on their utilities in Chapter 3| Finally, we have proposed low-complexity
distributed solutions for the above mentioned association problem in Chapter 4l Sim-
ulation results have shown that the proposed approach can provide significant gains
over the conventional coupled and decoupled user association schemes. Our results
have shown that decoupling the UL association from the DL not only improves the
UL performance but also improves the DL performance with interference-aware utility
optimization. Further, in high interference scenarios, traditional decoupling may not
be needed. Thus, a careful choice of decoupled associations is crucial for rate maxi-

mization. Simulation results have revealed the superiority of our proposed matching
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schemes over the traditional schemes in scenarios of high competition and interfer-
ences. High competition scenarios occur when there are fewer number of BSs, more
users, and less quota per BS. The work can be extended to develop matching game-

based solutions under channel gain uncertainties as well as backhaul constraints.

5.2 Future Research Directions

The user association problem is a fundamental problem in wireless networks. Some

of the possible future extensions of the work presented in this thesis are as follows:

e In this work, we have not considered uncertainty in the channel gains. This

work can be extended considering channel uncertainty:.

e Instead of Matching games, other different game models can also be used to solve
the user association problem and the corresponding solutions can be compared

with the proposed matching schemes.

e The work can be extended by considering large-scale systems for which different

modeling techniques will need to be used.

e Power control may also be considered and the problem of joint user association

and power control can be solved.

e The user association problem in out-of-band FD systems is also worth investi-

gating.

e Auction algorithms can be also investigated to solve the problem of user asso-

clation.

e [fairness-based user association can be also considered instead of rate

maximization-based user association.
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e In order to develop a complete solution framework, power and sub-channel

allocation for the users can also be incorporated in the problem formulation.
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A.1 Appendix: Derivative of Lagrangian

For differentiating the Lagrange, we differentiate (2.6) with respect to o}, If we
open up the summation, the term for k = k,l = [ can be differentiated using trivial

calculus and will result in

However, the other terms of (2.6) need to be

1

observed carefully. Let us consider a toy example with two users and three BSs. If

we open up the summations, we can observe that two of the UL terms will have af ;

as a denominator and three of the DL terms will have af; as a denominator. If

k=21=2and k =2,] =3 we have af ; in the denominator from the UL terms.

So, while differentiating ([2.6)) with respect to o} ; we will get five terms of the form
. dlog, (=) .

log, TreaT " We know = = e Hence, we obtain

PGy ;

Z Z min(g, %) In(2)
Zk/#j PG, Zl’;ﬁi az, v
LA jeR A1 Dy PrGri + |

+ %+ o

min(g, %)

Similarly, we can obtain the DL terms as well.If £ = 2,1 = 1, k = 2,] = 2 and

k = 2,1 =3 we have af ; in the denominator from the DL terms. We can differentiate
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them with respect to af; and obtain

Z Z min(q, %) In(2)
Zk’;éj Pk’Gk’j Zl’eﬁ Oélli, I P :
i€L jeRg#1 g TGy + k) Tt

By observing the terms of the toy example, we can write the general formula and

verify the general formula by substituting some toy examples.
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