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ABSTRACT

RESOURCE ALLOCATION METHODS FOR
NEXT-GENERATION NETWORKS

In 5G and beyond systems, the number of connections and data traffic is expected
to grow significantly. To support the ever-increasing requirements, new solutions such
as Mobile Edge Computing (MEC), Non-Orthogonal Multiple Access (NOMA), and
Heterogeneous Networks (HetNets) are studied extensively. This thesis focuses on the
resource allocation methods for uplink Hybrid NOMA for MEC offloading, downlink
Hybrid NOMA, and downlink HetNets. First, a joint resource allocation that mini-
mizes the total energy consumption of users for uplink Hybrid NOMA MEC Offloading
is proposed. By solving the joint optimization problem, we propose a novel optimal Hy-
brid NOMA scheme referred to as Switched Hybrid NOMA for power and time alloca-
tion. Subsequently, we propose an algorithm to solve the sub-channel allocation (SCA)
problem. We demonstrate that the proposed methods outperform the results in the
literature analytically and by simulations. Then, we switch to the downlink communi-
cation, and study a resource allocation scheme that minimizes the total weighted energy
consumption in the network. We propose a novel optimal Hybrid NOMA scheme for
two users and then extend this idea to multiple users. Via simulations, we demonstrate
that the Hybrid NOMA method outperforms Orthogonal Multiple Access (OMA) and
NOMA methods. Afterward, we investigate novel distributed sub-channel and power
allocation algorithms for HetNets. We introduce an SCA algorithm that minimizes
the effective interference experienced by users in the network. Then, a distributed
algorithm for power allocation is proposed, and a joint resource allocation method is
constructed by combining the proposed algorithms, which outperforms the existing

methods in the literature.
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OZET

YENI NESIL AGLARDA KAYNAK ATAMA
YONTEMLERI

5G ve oOtesi iletigim sistemlerinde, bagh kullanici sayisinin ve veri trafiginin
onemli oranda artmasi beklenmektedir. Siirekli artan gereksinimleri kargilamak igin
smir biligim (MEC), dikgen olmayan goklu erigim (NOMA) ve heterojen ag (HetNet)
gibi yontemler detayh olarak caligilmaktadir. Bu calismada, bahsi gecen yontemlerle
ilgili ti¢ farkh kaynak atama problemi incelenmistir. Ilk olarak, yukar1 yonlii baglant:
i¢in sinir biligim ve hibrit NOMA yontemi i¢in enerji verimliligini arttiran bir kaynak
atama algoritmasi 6nerilmistir. Optimizasyon problemi ¢oziilerek, yeni bir ¢oklu erigim
yontemi bulunmustur. Sonrasinda, frekans kaynagi atamasi problemini ¢6zmek icin bir
algoritma onerilmisgtir. Onerilen yontemlerin literatiirde bulunan yontemlerden daha
verimli oldugu kuramsal analiz ve benzetim g¢aligmalar1 ile gosterilmistir. Sonrasinda,
agagl yonli baglanti i¢in hibrit NOMA yontemi i¢in tiim agdaki enerji verimliligi in-
celenmistir. Oncelikle iki kullamcr icin hibrit NOMA yéntemi 6énerilmis, sonrasida
daha fazla kullaniciya uygulanabilecek sekilde geligtirilmistir. Benzetim ¢aligmalariyla,
onerilen hibrit NOMA y6nteminin dikgen ¢oklu erigim (OMA) ve NOMA yo6ntemlerinden
daha verimli caligtigi gosterilmistir. Son olarak, heterojen aglar icin dagitik kaynak
atamasi problemi incelenmistir. Oncelikle, etkin girisim miktarmi azaltan dagitik
bir frekans kaynagi atamasi algoritmasi onerilmisgtir. Daha sonra, gii¢ atamasi igin
de bir dagitik algoritma gelistirilip, kaynak atamasini dagitik ve biitlinlesik olarak
gerceklegtiren bir algoritma énerilmistir. Onerilen yontemin literatiirdeki yontemlerden

daha yiiksek veri trafigini destekledigi benzetim c¢aligmalar ile gosterilmistir.
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1. INTRODUCTION

The next-generation telecommunication networks aim to connect a vast amount
of subscribers that have different service requirements. These service requirements

mapped to three sets in the 5G standard are listed below [1]:

e Enhanced Mobile Broadband (eMBB): The services grouped under eMBB
require very high data rates (20 Gbps peak data rate per user). These services
can be listed as hologram calls, 4K video transfer, fixed wireless access, etc.

e Massive Machine Type Communication (mMTC): The services grouped
under mMTC require low data rates for a very high number of users (1 million
devices/km?). These services are usually different applications of IoT, such as
smart cities, smart grids, health monitoring devices, etc.

e Ultra Reliable Low Latency Communication (URLLC): The services
grouped under URLLC require very low latency (below 1 ms) with very high
transmission reliability. URLLC services apply to various fields, such as mission-

critical communications, autonomous vehicles, smart factories, etc.

In addition to these challenging requirements, the data traffic is expected to grow
more than double by 2024, which mandates the research to enhance the effectiveness of
communication networks [2]. The scientific and technical community proposes different
solutions, and in this work, we analyze the following methods: Mobile Edge Comput-
ing (MEC), Non-Orthogonal Multiple Access (NOMA), and Heterogeneous Networks
(HetNets).

MEC is a concept that moves the computational resources from the central net-
work to the edge of the network, which is closer to the users [3]. By utilizing MEC,
the traffic in the central network can be reduced, and the communication latency can
be reduced. To ensure that the edge devices are utilized efficiently, the users for each

edge device shall be coordinated regarding user grouping and resource allocation.



NOMA is the separation of users assigned to the same communication resource in
the power domain or code domain [4]. This work focuses on the power domain NOMA,
which can be utilized for uplink and downlink communications. User grouping, resource

allocation, and power allocation are the most critical factors for the effectiveness of

NOMA.

In HetNets, small cells are distributed in the same geographical area within a
macro cell to increase the network density and reduce the load on the macro cells. In

this work, we consider dense networks for 5G with small cells as introduced in [5].

1.1. Related Literature

Different NOMA techniques, in power-domain and code-domain are studied thor-
oughly in the literature [6] for 5G and beyond communication systems. In this work,
power-domain NOMA is considered and it is referred to as NOMA. Utilizing NOMA
enables the users to share the same frequency and time resources by a separation in the
power domain; thereby, increasing the spectral efficiency of the whole system [4]. Tt has
been shown that when NOMA is applied, the spectral efficiency can be enhanced by
30% compared to the Orthogonal Frequency Division Multiple Access (OFDMA) [7].
The effectiveness of NOMA-based systems depends on the power and sub-channel al-
location; thus, the resource allocation problem is one of the major research areas in

NOMA [8].

NOMA resource allocation problem for downlink systems with a throughput max-
imization focus is studied in [9]. The authors have separately dealt with the power
and sub-channel allocation problems. In [10], the downlink NOMA resource allo-
cation problem is studied for a secure wireless power transfer-based communication
system focusing on energy efficiency. Downlink NOMA idea is extended to hybrid
long-packet and short-packet communications in [11]. The resource allocation problem
for an enhanced downlink NOMA system with partial hybrid automatic repeat request

(HARQ) is studied in [12]. In [13], downlink NOMA sub-channel allocation for Coor-



dinated Multi-Point (CoMP) systems is solved with the Two-Sided Exchange Stable
(2ES) algorithm. In [14], the resource allocation problem for Intelligent Reflecting
Surface (IRS) aided downlink NOMA networks is investigated. The authors proposed
an alternating optimization algorithm that deals with power allocation, IRS reflection
matrix, and sub-channel allocation sequentially. The uplink NOMA resource alloca-
tion to enhance spectral efficiency is studied in [15], where the power optimization is
handled by the water-filling algorithm, and the sub-channel allocation is determined
by Dinkelbach’s algorithm. The authors proposed an interference reduction scheme for
Device-to-Device (D2D) users based on NOMA in [16]. A branch-and-bound algorithm
does the power control, and the 2ES algorithm determines the sub-channel allocation.
In [17], the authors have given the optimal power allocation and a 2ES algorithm-based
sub-channel allocation for an uplink NOMA MEC offloading scenario with imperfect

channel state information (CSI).

Hybrid NOMA (H-NOMA) techniques that combine NOMA with Time Divi-
sion Multiple Access (TDMA) are proposed to further enhance the energy efficiency of
NOMA systems [18]. In [19], the minimization of the transaction time difference be-
tween H-NOMA users is studied. A H-NOMA scheme with all users sharing the same
frequency resources is analyzed in [20]. In [21,22], the authors utilize the H-NOMA
idea to the URLLC scenario. For URLLC scenarios, Finite Blocklength Codes (FBC)
are used; therefore, the Shannon capacity formula is no longer accurate, and the FBC
capacity formula is used instead. In these articles, the authors work on the non-convex
transmission energy minimization problem with the FBC rate formula and propose
different solutions by convex approximation methods. A downlink hybrid TDMA-
NOMA-based method with infinite blocklength codes for a wireless power transfer-
based communication system is given in [23]. The authors have provided a solution
that utilizes fixed transmission phases for energy harvesting and data transmission for
two users. In [24], the resource allocation problem of a hybrid TDMA-NOMA-based
network is analyzed with a spectral efficiency objective. The hybrid TDMA-NOMA-
based network scenario is further improved with the addition of IRS and wireless power

transfer in [25]. In [26], uplink H-NOMA power allocation problem is analyzed for the



ideal circuit power consumption scenario, whereas the downlink H-NOMA scenario is

indicated as a future research topic.

Another concept that is expected to be widely used in 5G is MEC. By the appli-
cation of MEC, the computational capabilities of the network are shifted to the edge,
and the latency of applications is decreased by localization [3]. There are many differ-
ent applications of MEC; and in this work, we focus on MEC data offloading. MEC
data offloading tasks can be grouped into two [27]: binary offloading which considers
the transfer of data that cannot be partitioned, and partial offloading which considers
the transfer of data that can be partitioned. In [28], the energy efficiency and latency
trade-off for a partial MEC offloading scenario is analyzed. In [29], the energy effi-
ciency aspect of the partial ofoading is studied. The authors propose centralized and

distributed solutions to the resource allocation and data offloading decision problem.

NOMA can be utilized to enhance MEC offloading in different aspects, such as
delay minimization, computational energy reduction, transmission energy minimiza-
tion, etc. In [30], the system energy efficiency is analyzed for a NOMA MEC offloading
scenario with partial offloading. In [31], a NOMA scheme for MEC offloading that
selects between complete offloading, partial offloading, and complete local processing
depending on the channel conditions and the quality of service (QoS) requirements
is presented. Partial task offloading, and optimal utilization of NOMA for MEC of-
floading scenario is studied in [32]. Energy efficiency is enhanced by controlling the
NOMA transmission duration via partial offloading. In [33], an energy efficient solu-
tion to the NOMA aided MEC offloading scenario with user cooperation is given. The
problem that is analyzed considers partial offloading and users with the same latency
constraints. In [34], a NOMA based MEC offloading scenario with multiple users is
analyzed with an energy efficiency objective. The scenario assumes partial offloading
and different latency constraints for users. In [35], the authors have inspected the
resource allocation problem in a NOMA based edge computing scenario. The authors
have dealt with sub-channel allocation and computational resource allocation problems

separately.



H-NOMA scheme is applied to MEC offloading scenarios to reduce energy con-
sumption in [36]. The H-NOMA scheme is proposed to enhance the energy efficiency
of NOMA for two users with different latency constraints. In [37], the optimal task
allocation and power allocation problems are solved for the MEC offloading scenario.
In [38], the power, time, and sub-channel allocation problem for multiple H-NOMA
users is solved. The shortcomings of H-NOMA without user selection and its com-
parison to optimal OMA is introduced in [39]. A joint resource allocation scheme for
uplink H-NOMA for MEC offloading with non-ideal transmission circuits is proposed
in [40].

A delay minimization focused NOMA MEC offloading scenario for two users
with different latency constraints is studied in [41]. In [42], a delay minimization
NOMA MEC offloading problem with partial data offloading is considered. An optimal
solution for the two-user case, and a sub-optimal solution for the multi-user case is
proposed by the authors. In [43], energy efficiency and minimization of the completion
time for the NOMA MEC offloading scenario is jointly studied. In [44], Orthogonal
Multiple Access (OMA), NOMA, and H-NOMA methods are analyzed with a focus on
delay minimization for MEC offloading. In [45], an iterative NOMA scheme for MEC
offloading with a focus on latency minimization is given. In order to minimize the
overall latency of the users in the network, partial ofloading and NOMA is employed. In
[46], a two user NOMA MEC scenario with user cooperation is analyzed for partial data
offloading. In [47], a NOMA MEC offloading scenario with partial data offloading is
investigated. The authors propose a locally optimal solution to the resource allocation

and offloading decision problem for latency minimization.

Another key technology to cope with this high network density is heterogeneous
networks (HetNets) [5]. HetNets comprise base stations of different tiers with coin-
ciding coverage areas: macrocells, microcells, picocells, and femtocells in the order of
decreasing power levels. In HetNets, small cell base stations such as microcells, pico-
cells, and femtocells reside in the macrocell coverage area, transmitting on the same

frequency resources. Thus, in the downlink, there is inter-cell interference (ICI) from



the macrocell base station to the small cell users and from the small cell base station
to the macrocell users. ICI is one of the significant issues to be tackled to unlock the
potential of HetNets [48]. Interference-aware power and sub-channel allocation algo-
rithms can solve the ICI problem. Additionally, in large-scale HetNets, centralized
resource allocation schemes are inappropriate due to the computational load and back-
haul limitations. Therefore, distributed power and sub-channel allocation algorithms

that can handle ICI are of great importance to HetNets.

The Foschini-Miljanic (FM) algorithm [49] is one of the first distributed power
control algorithms in the literature. In the FM algorithm, the users aim to reach pre-
determined Signal to Interference-Noise Ratio (SINR) targets iteratively by using only
local information. This algorithm has been widely studied due to its elegance and
low complexity. However, the algorithm has two main drawbacks: a pre-determined
feasible SINR target is required for each user, and the attained network throughput is

low.

In [50], the opportunistic power control (OPC) algorithm is presented as an im-
provement to the network throughput problem of the FM algorithm. In the OPC al-
gorithm, the agents have Signal and Interference-Noise Product (SINP) targets, which
is a metric that favors the users with better channel conditions. It has been shown
that the OPC algorithm outperforms FM regarding network throughput. However,
while the network throughput is improved, the throughput is significantly degraded for
the users with worse channel conditions. Additionally, dependence on the calculation
of feasible targets becomes even more complex with SINP, which is not as physically
meaningful as SINR. The dynamic target-SIR power control (DTPC) algorithm is pro-
posed in [51]. The algorithm combines the OPC algorithm and the FM algorithm with
threshold-based switching. The algorithm is fairer than the DTPC, but calculating
SINR and SINP targets remains an open issue. A DTPC-inspired algorithm is applied
to a full-duplex energy harvesting network in [52]. In [53], an improved version of the
DTPC algorithm is given, which reduces the network’s total energy consumption while

satisfying the users’ target SINR values.



A feedback-based power control algorithm is proposed for HetNets in [54]. It has
been shown that the small cell base stations reach a common SINR value that depends
on the spectral radius of the normalized interference matrix. In [55], authors have
given a consensus-based downlink power allocation (CBPA) algorithm for heteroge-
neous networks, where the femtocell transmit powers are determined depending on the
SINR values of the neighbor cells in a distributed fashion. In [56], a modified version of
the CBPA algorithm (CBPA-M) is proposed, where the macrocell base station SINR
target is considered. The CBPA and CBPA-M algorithms are shown to be fair be-
tween users based on Jain’s fairness index (JFI) [57]. In [58], another consensus-based
algorithm is proposed for scenarios where the base stations have imperfect connec-
tions. In [59], the downlink heterogeneous network scenario with each base station
serving multiple users is analyzed, and a joint frequency and power update algorithm
(JFPUA) is proposed. A gossip-based consensus algorithm with modified weights for

asymmetrical networks is presented in [60].

In [61], the authors have proposed a power allocation algorithm, which utilizes
statistical channel state information for users with pre-defined SINR targets. In [62],
the authors have analyzed the power control problem to maximize the energy efficiency
in the network while satisfying the SINR targets. A distributed algorithm based on
game theory is proposed to solve the problem. This idea is extended to include delay
minimization by selecting a cost function that depends on the weighted summation of
the energy efficiency and delay in [63]. In [64,65], a game-theoretical power control
algorithm with access control is proposed for users with pre-defined SINR targets.
In [66], the authors have analyzed the power allocation problem in full-duplex femtocell
networks. A game-theoretical algorithm is proposed to minimize the outage probability.
In [67], the power allocation problem for an underlaying D2D network is studied. The
authors have proposed a game-theoretical algorithm that maximizes the D2D traffic
while satisfying the interference power limitation of the base station. In [68], a power
control algorithm that maximizes the total SINR of the femtocells while satisfying the

SINR limits of the macrocell users is proposed.



In [69], joint sub-channel allocation and power control problem is analyzed where
the sub-channel allocation is done by the Hungarian algorithm and the power allocation
is done by the FM algorithm. In [70], the authors worked on the throughput maxi-
mization problem by jointly controlling the sub-channel and power allocation. In [71],
the joint resource allocation problem with a throughput maximization is enhanced by
adding the quality of service (QoS) parameters. In [72], the QoS parameters and the
weighted fairness of the network are considered while maximizing the system’s energy
efficiency via joint resource allocation. In [73], joint resource allocation for Orthogonal
Frequency Domain Multiple Access (OFDMA) networks is tackled with the help of the
DTPC idea in [51]. The effective interference and SINR target values are utilized to
determine the sub-channel allocation, and a DTPC-like algorithm is used for power

assignment.

1.2. The Motivation of the Thesis

In this work, we analyze three different resource allocation problems and propose

solutions that improve the available solutions in the literature.

1.2.1. Uplink Hybrid NOMA

We propose a novel resource allocation method for uplink H-NOMA MEC Of-

floading to solve the following drawbacks in the solutions from the literature:

e The methods in [21,22] are designed for FBC scenarios, and cannot be applied
to the problem at hand, which is focused on infinite blocklength regime and the
Shannon rate formula.

e The main objective in [41-45] is latency minimization; thus, the solutions con-
sidered therein cannot be applied to our scenario.

e The methods in [9,10,30-33,35,46] are based on NOMA, and they are sub-optimal
for the analyzed scenario where users have different latency requirements.

e H-NOMA method, which is utilized in [19,20,36-38], is only valid for a special



case of the two user MEC offloading scenario in which the user data offloading
requirements are equal. Furthermore, H-NOMA is a sub-optimal resource alloca-
tion method when the constant circuit power consumption of the transmitter is
considered, and for certain channel conditions.

e The proposed algorithms in [23-25] require pre-allocated time slots and do not
consider the user latency requirements, whereas the problem that is analyzed in
this chapter is for users with heterogeneous latency requirements.

e The sub-channel allocation methods that are utilized in [9,35,38] are less energy

efficient than the sub-channel allocation algorithm that we propose.

1.2.2. Downlink Hybrid NOMA

We introduce a novel downlink resource allocation method that utilizes H-NOMA
for users with heterogeneous latency and data transfer requirements to overcome the

following shortcomings of the available literature:

e The methods in [9,10,13,15,17] are based on NOMA, and we show that NOMA-
based methods are sub-optimal when users have different latency requirements.

e The uplink H-NOMA method studied in [16,20,26,36-38,40,41], is only valid for
the uplink scenario since the interference channel gains are different in downlink
NOMA and uplink NOMA [74].

e The methods in [11,21,22] are only accurate for FBC scenarios and cannot be
applied to the problem at hand, which is focused on the infinite blocklength
regime.

e The proposed algorithms in [23-25] require pre-allocated time slots and do not
consider the user latency requirements, whereas the problem that is analyzed in
this chapter is for users with heterogeneous latency requirements.

e The sub-channel allocation methods proposed in [9,12,13,35,38,40] are less energy

efficient than the sub-channel allocation algorithm that we introduce.
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1.2.3. Downlink Heterogeneous Networks

We come up with a distributed downlink resource allocation method for HetNets

to correct the listed deficiencies in the literature:

e The power control methods in [49-53, 61-68, 73] require the pre-defined SINR
targets for the users to be feasible, which is not always the case. The methods
in [50-53,73] require the calculation of SINP targets for OPC and thresholds for
the DTPC algorithm, which involves network specific calibration.

e Although SINR targets are usually available depending on the service the user
is getting, the SINR targets may not always be feasible, especially for small cell
users with severe interference. Soft SINR targets can be used to mitigate the
feasibility issue for certain services. For example, for video streaming, which
accounts for 70% of the entire mobile data traffic [2], adaptive bit-rate targets
can be used without severe disruption to the service. The network can utilize
adaptive modulation and coding (AMC) schemes to support different bit rates
according to the SINR of the received signal [75].

e The target-free power allocation methods in [54,56,58-60] converge to an equal
SINR target value in all the cells disregarding the channel conditions. Although
these methods are fair, the average throughput of the network is low compared
to other methods. Additionally, the resource allocation method proposed in [59]
reduces the average throughput further while guaranteeing absolute fairness be-
tween sub-channels.

e The resource allocation methods in [69-73] depend on the power assignment,
which depends on the power allocation algorithms given in these articles. Since
the power allocation methods in the articles are target-dependent, these methods

cannot be applied to the problem at hand.

1.3. The Contributions of the Thesis

The major contributions of the thesis are summarized as follows:
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e We propose a novel multiplexing scheme called Switched Hybrid NOMA (SH-
NOMA) for MEC Offloading users with distinct latency constraints and data
transfer requirements, which is the optimal solution of the power and time allo-
cation problem. We analytically prove that the proposed SH-NOMA multiplexing
scheme consumes less energy than H-NOMA. Furthermore, we show by simula-
tions that SH-NOMA outperforms H-NOMA, NOMA, and OMA.

e We show that finding the optimal resource allocation is an NP-complete problem,
and we propose the Total-Reward Exchange Stable (TES) algorithm. We prove by
induction that the TES algorithm outperforms the 2ES algorithm which is widely
used in the literature. We also manifest this improvement in the performance via
simulations. Moreover, we demonstrate by simulations that the TES algorithm
performs very close to the optimal solution acquired via exhaustive search (EXS).

e We propose a novel downlink H-NOMA multiplexing scheme for users with dif-
ferent latency constraints and data transfer requirements. The power and time
allocation of the H-NOMA scheme is the optimal solution considering the trans-
mit power consumption of the base station and the circuit power consumption
of the users. We present the simulation results, which manifest the efficiency of
H-NOMA compared to OMA and NOMA.

e We introduce the Bootstrapped Total-Reward Exchange Stable (B-TES) algo-
rithm to solve the sub-channel allocation (SCA) problem. We compare its per-
formance to the existing methods in the literature and the optimal solution that
can be determined by exhaustive search (EXS) by simulations. We show that
the B-TES algorithm outperforms the 2ES and TES algorithms from the liter-
ature. Furthermore, we show that the B-TES algorithm performs very close to
the optimal solution.

e We propose a distributed downlink sub-channel allocation algorithm independent
of the power allocation, which we refer to as the maximum effective interference
minimization (MEIM) algorithm. We show that the MEIM algorithm reduces
the maximum interference in the HetNet analytically.

e We introduce a novel distributed downlink power control algorithm based on mes-

sage passing, which we call the message-passing-based exponential power control
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(MP-XPC) algorithm. The algorithm increases the throughput of the HetNets
compared to similar consensus-based algorithms and does not require complete
channel state information, pre-defined targets, or network-dependent thresholds.
We also extend the MP-XPC algorithm for scenarios where a feasible macrocell
SINR target is available and refer to it as MP-XPCE.

e We combine the proposed methods to form a joint downlink resource allocation
method for HetNets with multiple sub-channels per base station. We show that
the proposed joint resource allocation method outperforms the existing methods
in the literature. We also demonstrate the convergence of the joint resource

allocation method by simulations.

1.4. The Organization of the Thesis

In Chapter 2, the uplink H-NOMA MEC Offloading resource allocation problem
is analyzed. For the power and time allocation problem, the SH-NOMA algorithm is
proposed. Then, sub-channel allocation problem is analyzed for the multi-user scenario,
and the TES algorithm is introduced. Finally, the superiority of the proposed algo-
rithms against the literature is shown. In Chapter 3, the downlink H-NOMA resource
allocation problem is investigated. The downlink H-NOMA algorithm is proposed for
the power and time allocation problem. Afterward, the multi-user scenario is studied,
and the B-TES algorithm is introduced. Lastly, the proposed algorithms are compared
to the existing algorithms in the literature. In Chapter 4, the distributed downlink
resource allocation problem for HetNets is investigated. The sub-channel allocation
problem is solved by the proposed MEIM algorithm, and the power allocation problem
is solved by the MP-XPC and the MP-XPCE algorithms. Then, a joint resource alloca-
tion method is designed by combining the proposed sub-channel and power allocation
methods. We show that the proposed joint resource allocation method outperforms
the existing methods in the literature. We also demonstrate the convergence of the
joint resource allocation method by simulations. In Chapter 5, concluding remarks

and outcomes of the thesis are given.
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2. RESOURCE ALLOCATION FOR UPLINK HYBRID
NOMA

In this chapter, we analyze the resource allocation problem for uplink H-NOMA
MEC offloading. We first describe the considered system model and introduce the
multiplexing methods. Then, the main resource allocation problem is formulated,
and separated into two sub-problems. The optimal power and time allocation in a
single sub-channel for different scenarios are derived by solving the first sub-problem.
Afterward, the TES algorithm is proposed to determine the sub-channel allocation as
a solution to the second sub-problem. We show the performance improvement of the

proposed methods analytically and by simulations.

2.1. System Model

We examine a MEC offloading scenario with 2K users with different latency
constraints L, and data transfer requirements N,, where u is the user index. Each
user offloads its computationally intensive tasks to the MEC server, and the MEC
server computes the tasks and sends the result packets to the user. The result packets
are assumed to be significantly smaller than the offloaded packets, which is similar
to the studies in the literature [28,29]. The users transmit their data to the base
station connected to the MEC server via OFDMA through K sub-channels. In addition
to the OFDMA, each sub-channel can be shared by multiple users via NOMA. We
assume the base station has perfect uplink CSI and a perfect Successive Interference
Cancellation (SIC) receiver for NOMA decoding. Moreover, we assume two NOMA
users per sub-channel to reduce the complexity of the SIC receiver as in many studies
in the literature [19, 36, 38,41, 46]. The two-user scheme also limits the performance

degradation in real-world applications due to hardware impairments [76].

Throughout the chapter, we assume that another controller makes the offloading

decision, and the data transfer requirement N, of user u refers to the amount of data to
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be offloaded by user u. Additionally, we assume an uplink-dominated model for latency
and power consumption similar to [29]. The total latency imposed by the offloading

process consists of the uplink transmission time L%, the computation time in the MEC

ms
u

server L™ and the downlink transmission time L. The downlink transmission time
is negligible compared to the uplink transmission time due to the smaller packet size in

the downlink. The computation time in the MEC server can be calculated as follows
N,

L = 7“, (2.1)
where F' corresponds to the capacity of the MEC server. Since this work is focused on
reducing the energy consumption of the transmission to the MEC server, the latency
constraint for the uplink transmission of the user u, which we denote as D, can be

calculated in the central controller as
D, <L“=1L,— L™, (2.2)

where the capacity of the MEC server, and the offloading data amount of the users are

known.

The total power consumption of the offloading comprises the uplink transmission
power, and the downlink reception power. Because of the smaller packet size in the
downlink, the downlink reception power is neglected. In this work, the total uplink
transmission power consumption P is modeled as in [77]

Pu
P=—+Fq, (2.3)
«

where P" is the transmission rate-dependent power of the user, « is the efficiency of

the power amplifier that satisfies 1 > o > 0, and P is the constant circuit power.

An example network model with four groups and two NOMA users per group,
each sharing the same sub-channel, is given in Figure 2.1. In the network model,
the channel gains of the users are denoted as h,, where k is the sub-channel index
allocated to the user u. We assume an independent Rayleigh channel with a path loss
parameter v and a log-normal shadowing standard deviation og for all sub-channels.
Each sub-channel is allocated to two users, user ¢ and user j. Throughout this paper,

we assume that the delay constraint of user i is stricter than that of user j, i.e.,
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D, < D;. Furthermore, the users are ordered according to their latency constraints:
Dy < Dy < ..D,... < Dyg. The data transfer requirements of users ¢ and j are
denoted as NN; and Nj, respectively. Additionally, we assume a parameter r = % that
represents the ratio of the data requirements of users that are assigned to the same
sub-channel. Additional parameters can be summarized as follows; the noise power Py,
which corresponds to the common noise floor of Ny, and the sub-channel bandwidth is

B.

MEC Server

Base Station

Figure 2.1. An example network diagram for uplink H-NOMA.

The underlying multiplexing scheme is OFDMA in the system model under
consideration, so there is no interference between sub-channels. Therefore, the sub-
channels can be analyzed independently. The channel capacity of the users utilizing
the same sub-channel depends on the selected multiplexing method on top of OFDMA.
This work analyzes four different multiplexing methods: OMA, NOMA, H-NOMA, and
the proposed SH-NOMA for two scenarios. In Scenario A, user i, which has the stricter

latency constraint, has a lower channel gain than or equal to user j, i.e., |h;x|* < |h;x)?.
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In Scenario B, the channel gain of user ¢ is higher than the channel gain of user j, i.e.,

\hil” > |hjnl?.

For the basic OMA scheme with two users, TDMA is applied on top of the existing
OFDMA scheme, and the users in the pair are separated in time. For the basic NOMA
scheme, both users transmit during the shorter latency constraint D;. In NOMA, the
users are decoded by a SIC receiver in a specific order. The user decoded first is affected
by the interference of the second user. The other user is decoded after subtracting the
first user’s signal; thus, it is not affected by the first user. In this work, we call the user

decoded first as the affected user and the user decoded second as the unaffected user.

H-NOMA scheme with two users, which combines OMA and NOMA schemes,
can be explained as follows [36,38]: User ¢, which has the stricter latency requirement,
is always selected to be the unaffected NOMA user. In the first transmission period,
t = [0, D;], both users transmit. User i transmits as the unaffected user, and user
j transmits as the affected user to offload the first part of its data. In the second
transmission period, t = [D;, D; + T}], user j transmits in OMA to offload the rest of

its data; where T is the sole transmission time of user j, and T; < D; — D;.

In the SH-NOMA scheme proposed in this paper, the user with better channel
conditions is selected to be the affected user, increasing energy efficiency. This selection
follows from the general result given in [78], where the optimal SIC decoding order for
uplink NOMA is the descending order of the channel gains of the users. SH-NOMA
behaves differently in the two different scenarios that we consider. In Scenario A,
user ¢ has worse channel conditions, and we have the same transmission scheme as
in H-NOMA. In Scenario B, user ¢ has better channel conditions and is selected as
the affected user. In the first transmission period, ¢ = [0, D;], both users transmit.
User j transmits as the unaffected user to offload the first part of its data, and user ¢
transmits as the affected user to offload its data. In the second transmission period,

t = [D;, D; + T}], user j transmits in OMA to offload the rest of its data.
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Figure 2.2. Comparison of OMA, NOMA, H-NOMA, and SH-NOMA methods.

The comparison of OMA, NOMA, H-NOMA, and SH-NOMA for different sce-
narios is given in Figure 2.2. As seen from the figure, the time slot assignment depends
on the latency constraints for the OMA scheme. The whole transmission is done dur-
ing t = [0, D;], and the user with the lower channel gain is selected as the unaffected
NOMA user when the NOMA scheme is utilized. For the H-NOMA scheme, the user
with the shorter latency constraint is always selected as the unaffected user. For the
SH-NOMA scheme, the user that experiences worse channel conditions is selected as
the unaffected user. User ¢ and user j transmit together during the first transmis-
sion period, and only user j transmits afterward for both H-NOMA and SH-NOMA

schemes.
2.2. Problem Formulation

In this chapter, we study the resource allocation problem for multiple users in a
Hybrid NOMA MEC Offloading scenario focusing on energy consumption. In OFDMA,
there is no interference between sub-channels, and each sub-channel can be analyzed
independently. The total energy consumption for K sub-channels, and 2K users can
be shown as

2K—-1 2K K 1 2
Py + P! P

NN S i |2 2P ) Dot (PR 4 R T (2.4)
0] 0]

i=1 j=i+1 k=1
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where P, , is the transmit power of the user 7, which is the user with the stricter latency
requirement, lek is the transmit power of the user j in the first transmission period,
and P?, is the transmit power of the user j in the second transmission period, and t; ;
is the entry of the binary three-dimensional resource allocation matrix ¥ that describes
the pairing relation of user 7 to user j on sub-channel k. If the corresponding index is
set to one, then the indicated sub-channel is assigned to these two users. Otherwise,
the indicated sub-channel is not assigned to these users, or the users do not form a
pair. In the calculation, the sub-channel index is iterated from 1 to K, which is the
number of available sub-channels. The index for user i, which is the user with the
stricter delay constraint, is iterated from 1 to 2K — 1 since each user can be the first
user of a pair except for the user with the highest delay constraint. The index for user
j is iterated from 7 to 2K since user j must have a looser latency constraint than user
i. The amplifier efficiency coefficient « is a constant, and the total energy consumption

can be scaled with it to simplify the equation as

2K-1 2K K

S ST S viga (P + Pho+20Pe) Dy + (P + aPe) Ti) . (2.5)

i=1 j=i+1 k=1

Utilizing the resource allocation matrix, and the total energy consumption for-
mula; the energy consumption minimization focused Hybrid NOMA MEC Offloading

resource allocation problem can be formulated as

2K-1 2K K

min fo= >0 > Wik [(Pus+ Py) Di+ (P} +aPo) T;] (2.6a)

VP Ty i=1 j=i+l k=1
s.t. Yigr €{0,1} Vig kY Y =2, Vk (2.6b)
i J
Z Z ¢i,j,k = 1a \V/Z, Z Z ¢i,j,k = 1a \V/], (26C)
j ok ik
N‘ _ B_Dl 1 Pi,k‘hi,k|2 < 0 2 6d
1 [ ng( + PN+(175)P]'1,k|hj7k‘2) — ( N )
Plylhel?
TNi — BDi 10g2(1 + Wk‘k}hk‘g)
— BT;logy(1 + 255541y < g, (2.6¢)

-7;,<0, T;—(D;—D;) <0, (2.6g)
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where fo(?, P, Py, P

r»Tj) is the objective function with constant term 2aPcD;

removed, and s € {0, 1} is the affected /unaffected user selection parameter. If |h; |* <
|hj1|? for the users 4, and j on the allocated sub-channel k, then user i is selected as
the unaffected user, and s is set to one. Otherwise, user j is selected as the unaffected
user, and s is set to zero. Constraints (2.6b)-(2.6¢) guarantee that each sub-channel is
allocated to two users, and each user is assigned to a single sub-channel. Constraints
(2.6d)-(2.6e) ensure that the required data transmission is satisfied with the determined
resource allocation. Constraints (2.6f)-(2.6g) are the feasibility constraints for power
and time allocation. We call the vector of constraint functions related to the power

and time variables feo.

The formulated resource allocation problem, which aims to optimize power, time,
and sub-channel allocation, is a mixed integer problem due to the constraints in (2.6b)-
(2.6¢). In this work, we separate the power and time allocation and the sub-channel
allocation problems optimally by optimizing over the power and time variables first and
the sub-channel variables afterward as described in [79]. First, we define the function
fo, which is the minimized version of f, with respect to power and time variables,

which is shown by

fo@) = inf{fo(¥. Pix, Piy, Py T)| feo < 0}. (2.7)

The power and time optimization problem to solve for fy can be defined as

2K-1 2K K

min Z Z Z (o k P+ P k) D; + (Pfk + aP(;) T]} (2.8a)

Py, PL, P2, T
LN N Ll R i=1 j=i+1 k=1

2, h'L
5.t N; — BD; log,(1 + pmuﬁﬁ&m9§07 (2.8b)

rN; — BD;log,(1 + w)

Py +5P; k| hi i |?

— BT} logy(1 + 255540y < g, (2.8¢)
— P, <0, —P,, <0, —P} <0, (2.8d)
-T1;<0, T;—(D;—D;) <0, (2.8¢)

where 1; ;  is an unknown constant for the partial optimization problem fo. The cost

function is the sum of the energy consumption of K (2K — 1) different matchings over
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K sub-channels with different weights v; ;. Due to OFDMA, sub-channels do not
cause any interference with each other, and the optimal solution for each sub-channel
can be found separately. Thus, the equation above can be separated into K?(2K — 1)

problems for every different matching on every sub-channel. An equivalent problem to

(2.6) can be defined by using fy in (2.7) as

mg}n fo(w) (2.9a)
s.t. Yigr €{0,1} Vi k, Y Y k=2, Vk (2.9b)
i g
SN =1 Vi, YD) =1, Vi (2.9¢)
Jj k ik

In the next two sections, the power and time allocation problem given in (2.8), and

the sub-channel allocation problem given in (2.9) will be analyzed, respectively.
2.3. Power and Time Allocation
As stated in Section 2.2, the solution to the total minimization problem in (2.8)

can be determined by solving the minimization problem for each sub-channel. The

optimization problem for a single sub-channel is given by

. min P, D; + P}, D; + P2, T; + aPcT; (2.10a)
(R NN N Tt
5.t Ni — BD;logy(1 + s—2urlhinl___y < (2.10b)

PN+(175)PJ{]€|h]’,k‘2

Plylhjel®
TNZ' - BDI 10g2<1 + m)
P2y |hjxl?
— BTjlog,(1 + +55—) <0, (2.10c)
- Pp <0, —P;, <0, —P <0, (2.10d)
-T;<0, T;—(D;—D;)<0. (2.10e)

which needs to be solved for all X sub-channels in the network.

To determine the optimal time and power allocation to the users, we analyze two
aforementioned scenarios. In Scenario A, the channel gain of user j is higher than or
equal to the channel gain of user i (|h;|? < |h;x|?) and in Scenario B, the channel

gain of user i is higher than the channel gain of user j (|h; x> > |h;.[?).
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2.3.1. Scenario A

In Scenario A, user j has the higher channel gain; therefore, it is selected as the
affected user, and the s parameter is set to one. The optimization problem can be

reduced since the data constraint for user ¢ is satisfied as equality in the minimum

Ni
energy consumption scenario. Utilizing this fact, we can derive P, = |h1? e (2BDi —1).

The reduced form of the optimization problem is given by

ik T
1 C)2
s.t. rN; — BD;log,(1 + Pj,}cv‘iha,k\ )
9BD; py
P'zk|hj,k‘2
= BT logy(1 + =57—) <0, (2.11b)
—Pp<0, =P <0, (2.11c)
—1; <0, T = (D= D) <0, (2.11d)

where we call the vector of constraint functions related to the power variables f.;. The

solution to the problem with lek > 0 is given by Theorem 2.1.

Theorem 2.1. Optimal power and time allocation in Scenario A can be given as

Py | N
P = —Y (28D, — 1),
’IMW( )
Py (r+1)N; N
Pl = 9B(T;+D;) _ 9BD;
Jk |hj,k|2( ! ),
(7’+1)Ni
2 = Iy (2BT+D:) — 1)
W Ty )2 ' (2.12)
(
Dj — Di7 Zf C1 Z 0
L5 =1 15wy — Dis else if ey > D
0, otherwise
\
where W is the Lambert function, v = W, = eﬁ;f)—‘; — P +1- %,
and x, = (TH)#

Proof. The optimal power and time allocation can be determined by solving the reduced

optimization problem in (2.11). This problem is not convex due to the multiplication of
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the optimization variables in the objective function. However, the equivalent sequential
optimization problem that consists of two convex problems can be constructed by defin-
ing two partial optimization problems for power and time variables. The minimized

version of f; with respect to power variables is given by

FT) = inf{fi((Pl Pl Ty)| fea < 0} (2.13)
The optimization problem to solve fl( ;) can be given as
min fi= k + T]PJQ,C + TjaPc (2.14a)
Pl.P2, ’
7, k|hg k|2
8.t rN; — BD;logy(1 + —)
ZBDl PN
2 12
— BT logy(1 + 2240y < g, (2.14b)
—- P}, <0, —P} <0 (2.14c)
The Lagrangian of this problem is
L(P]{mPﬁk,N) DP1k+TP2k+T04P0+M g1, (2.15a)
g1 = [911 912 913]T, (2.15b)
BD; 250 Py 1 P, k]
g = In2 In N )
2BDi Py
BTJ PN+P2k|hjk|2
— 1 N;, 2.15
Ty Pr )+ (2.15¢)
g12 = _le,]w g1z = _P]2k: (2.15d)

where pu = [uy po ps]” is the vector of Karush-Kuhn-Tucker (KKT) multipliers, and
g1; are the constraint functions. The optimization problem in (2.14) is convex if the

Hessian of g1, (P}

6> Pry.) in (2.15¢) is positive semi-definite since the rest of the equations

are linear. The Hessian is given by

N BD; 0
9BD; Iy +P 21112
H(gi1) = ™ e ) : (2.16)
0 BT

(|hP |2+P k)21n2

which is positive semi-definite since the diagonal terms are larger than or equal to zero
for every feasible value of the optimization parameters and the constants. Therefore,

this problem can be solved by convex optimization techniques, and KKT conditions
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are satisfied at the global minimum. The KKT conditions of this problem are
oL Blh; |?

o In2(2BDi Py + P}, |h;[?)
oL Blhj|*
5o = L = Tip - — g =0, 2.17b
ory. 7’ 1n2(PN + P2 |hy|?) ’ ( )
gipn=0 (2.17¢)

Constraint gq; shall be satisfied as equality to avoid extra transmission power or trans-
mission time than the required amount. In this solution, we consider P]lk > 0; thus,
constraint ¢y is satisfied as inequality. The constraint g3 shall not be satisfied as
equality because it is more energy efficient for user j to transmit in the time interval
T; due to the lower interference than D;. Therefore, po and s are equal to zero. We
derive two expressions for py, from (2.17a) and (2.17b) as

n2(255 Py + Pyl ) W 2(Py + PPylhyul?) (2.18)

Bl ST Bl

where 117 is greater than zero, as required by KKT conditions. Utilizing the expressions

M1 =

of y11 in (2.18), we can find a relation between P},, and P?, as follows

Pl + (2BD —1) =P, (2.19)

!h;, R

which can be combined with (2.15¢) to determine P}, and P}, as

R
P, =—(2 +Di) _ 9BD;
o ’“'2( : 2.20
2 Py —BEZS 1)1]\371-) 220
Ps, = ———(2BT;+Di) _ 1),
S e Y
The second partial optimization problem that depends on the time variable can be
given as
~ Px (r+1)N; N;
min =D, 92B(T;+D;) _ 9BD;
T fl |h]7k|2( )
Py (r+1)N;
L 2P — 1) + TaFe, (2:21a)
ik
s.t. -T; <0, T;—-D;+D; <0. (2.21b)

The objective function can be simplified by converting power of 2 terms to power of e



24

N -
terms and getting rid of the constant term D;2BD:. The simplified f1(7}) is given by
_ P (T+1)N¢ In2 P (T‘+1)N¢ In2
fi = Di—" (e BGAD) ) 4 T (e BOADY — 1) + ThaPe. (2.22a)
|21 |1k

Since the constraint functions are linear, the optimization problem in (2.21) is convex
if the second derivative of fl with respect to T} is greater than zero. The second

derivative of f; is given by

- (r+D)Niln2 /(1 1)N; In 2\ 2
2 PSR St
cfh _ 6%( ) (2.23)

J
which is always positive for the valid values of the parameters, therefore, the optimiza-

tion problem is convex. The Lagrangian for the problem is given by
L(T}) = fi(T}) + m(T; — Dy + D;) — poTj, (2.24)

where pi5 is always set to zero since the constraint 7 > 0 shall be satisfied as inequality.

The derivative of the Lagrangian can be expressed as

Zaq Tg . 2
5_7[: = eTjtDi _ Tj+D; = an 14 OdPC;hJ’M + o,
! At N (2.25)
Ty= —"—.
B

The constraint 7; < D; — D, can be satisfied as equality or inequality. The KKT
multiplier p; shall be greater than or equal to zero when the constraint is satisfied as
equality. The condition for this is given by

2
Za T, 2a aPeolh;
clzeDj—_eDj _}_1_#
D; N

> 0. (2.26)

If the constraint is satisfied as inequality, then the solution could be determined with

the help of the Lambert W function as follows

ﬁ LTa eTijﬁDi _ O‘PC"hj,kP 1
T, + D, Py ’
o Ta ) aPo|h;i)?* — Py
7—;‘ +Dz PN@ ’
Tq CVPC‘hjk‘Q_PN
—1=W :
T+D, ( e : (2.27)
= az:f;hjk\?—PN -
1+W( Pre )
Lq
Ty=——7— — D
1+ W (v)

aPglh; k|*—Py

where v = j



25

Remark 2.2. Theorem 2.1 extends the results given in [36-38]. Theorem 2.1 has no
restriction on the data offloading requirement of the users, whereas the results in [36-38]
are only applicable for users with the same data offloading requirement. Additionally,
Theorem 2.1 considers the constant circuit power in the energy consumption calcula-

tions.

Corollary 2.3. The power and time allocation for OMA in Scenario A is given by

Py | N
Pix = 2BDi —1),
K ‘hz,k|2< )
PN rN;
P2 — 2B(D;—D;) _ 1 ’ (2.28)
7.k |hj,k|2( )
Tj = (D; — Dy).

Proof. The time allocation is done according to the latency constraints, and the power

allocation follows from the rate equations. O

The solution to the problem in (2.11) reduces to the OMA solution, when applying
NOMA is not feasible. The feasibility condition is described in Corollary 2.4.

Corollary 2.4. The feasibility of NOMA for user j in Scenario A is given by

(Piy > 0) & (Exoma < Eoma). (2.29)

J

Proof. The solution given in Theorem 2.1 is only applicable if lek > (. Moreover,
NOMA shall only be activated if it is more efficient than OMA. m

2.3.2. Scenario B

In Scenario B, user ¢ has the higher channel gain, therefore, it is selected as the
affected user and s parameter is set to zero. The simplified optimization problem for

this scenario is given by

P P Pl P T) = DRt DiPly+ TP+ aPeTy  (2300)
.. N, — BD;logy(1 + 5oelbisl -y < g (2.30b)

Py +Pj y [hkl?
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1 12
rN; — BD, logy(1 + 25520 (2.30¢)
BT;1 Plalhixl®
— BTjlog,(1 + =%5-—) <0, (2.30d)
P]%k Z 07 P]%k Z 07 Pi,k‘ Z 07 (2 306)
T; >0, T;<(Dj— D), (2.30f)

where we call the vector of constraint functions related to the power variables f.o. The

solution to the problem with lek > 0 is given by Theorem 2.5.

Theorem 2.5. Optimal power and time allocation in Scenario B is shown by
rN; N; D.

Py2B@+D0 (2BD: — 1)(|hy|?) T+D

ik — N, (1- D, ) )
(hjkP(2BD: = 1) + [y [?)" TitPs
plo_ P, | hi | Px
Bk T N B |h'k|27
@5 — iyl
P, | hi e |? Py
(2BD — )[Rl 7
.
Dj — Di7 Zf (&) Z 0
Ty = —2—~ — D, elseif —%—~ > D;
J +W () (4 +W () i
0, otherwise
\
£o aPc|hj gl rN; ln2.

Zc Zc 12
where ¢y = e F= —ePi +1 — —52%, x. = In(c; + 1) D; + a3, and v, = =i

J
Proof. The optimal power and time allocation can be determined by solving the opti-
mization problem in (2.30). This problem is not convex due to the multiplication of
the optimization variables in the objective function. However, the equivalent sequen-
tial optimization problem that consists of two convex problems can be constructed

by defining two partial optimization problems for power and time variables similar to

Scenario A. The minimized version of f; with respect to power variables is given by
Fo(Ty) = inf{fo(Pig, Py, Piy, Tj)| fea < 0} (2.32)

The optimization problem to solve fg(T]) can be given as

 min fo = DiPiy + DiPl, + Ty P2, + TyaPe (2.33a)
i,k gkt gk
5.t N; — BD;logy(1 + smetlhirl®_y < (2.33h)

PN+P]y[hj]?
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rN; — BD; logy(1 + 2ol
— BTjlog,(1 + PJZ’%W) <0, (2.33c)
— P, <0, —P}, <0, —P} <0. (2.33d)
The Lagrangian of this problem is
L(Pk, Ply, Pl ) = DiPyy+ DiP + Ty P2 + pu'g, (2.34a)
g2 = [921 922 923 924 9as]" (2.34Db)

go1 = —BDiin(1 4 S Lealhaal y o ar (2.34c¢)

In2 PN+PJ{k|h]’,k|2
) Pl l? BT P2, |hji|?
R
923 = —le,k, Gou = —Pf,k; 925 = — Lk, (2.34e)

where o = [p1 o p3 pia ps)? is the vector of KKT multipliers, and go; are the con-

straint functions. The optimization problem in (2.33) is convex if the Hessian of
922(Pig, P}y, P?) in (2.34d) is positive semi-definite since (2.34c) can be written in

N;

linear form as (277 —1)(Py + P} |h;|*) = Py x|hix|> < 0, and the rest of the equations

are linear. The Hessian is given by

0 0 0

H(g22) = (llf;—JZP+PJ{k)2m2 (2.35)
0 0 BT}
_ (m i) oz

which is positive semi-definite since the diagonal terms are larger than or equal to zero
for every feasible value of the optimization parameters and the constants. Therefore,
this problem can be solved by convex optimization techniques, and KKT conditions

are equivalent to the global minimum. The KKT conditions of this problem are:

oL Dy |hik]?
=D — T —ps =0, 2.36a
0P, P+ Pllhyal + Polhig2! 10 (2.36a)
oL _ 5 D5 i) B P, e hig?
OP), " Pyt Plylhl? (Py + Pl hsl? + Piglhigl?)
— 3 =0, (2.36b)
oL T: B |h: |2
=4 el PR Sho — ptg =0, (2.36¢)

g pu=0. (2.36d)
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Constraints ¢g; and g shall be satisfied as equalities to avoid extra transmission power
or transmission time than the required amount. In this solution, we consider lek > 0;
thus, constraint gs is satisfied as inequality. The constraint g, shall be satisfied as
inequality because the more user j transmits in the time interval T}, the less energy is
consumed by user ¢ in the time interval D;. The constraint g5 cannot be satisfied as
equality since the Shannon Rate would be zero for zero transmission power. Therefore,

s, 4, and ps are equal to zero. We determine py, and ps from (2.36a) and (2.36¢) as
[y = In2(Py + Plylhjkl* + Piglhirl?) = In2(Py + P7y |hjl*)
Blhi > ’ Blhjkl? ’

where 117 and py are greater than zero, as KK'T conditions require. Utilizing the values

(2.37)

of py and pg in (2.37) and (2.36b); we can express the relation of the powers as

P}y = Pjy+ Pix. (2.38)
Utilizing (2.34c) and (2.38), we can determine P}y, P?, in terms of Py, as
plo_ P, | x| Py
S g
(28D — 1) hje[? ’ (2.39)
2 P il Py '
Py =Pk + —5 Tl
(2BD; — 1)|hj,k:|2 7,
Finally, substituting the values of P, , and P?; into (2.34c), we show that
rN; ]\7Z —D;
Py2BDi+Ty) (9BD; — 1)(|h; ,|?) PitTs
P =X ) ) (i) 24 (2.40)

T

N
(1hj k225D — 1) + [hik[?) P47
Akin to Scenario A, the optimal power values can be substituted into the second partial

optimization problem that depends on the time variable, and the reduced form of the

resulting problem is given by

D;
n L e G e
PyT;
_ |h{VkJ2 + TjaPg (2.41a)
75
s.t. ~T;<0, T;—D;j+D;<0. (2.41b)

which is convex if the second derivative of fg with respect to T; is greater than zero
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since the constraint functions are linear. The second derivative of f5 is

D;

< s, @
*fi ¢, (xy + Diln (¢;))? €T+

dry |hiwl? (Tj + D;)?
hyal® + g (2.42)
i k] ’
In (2) V;
0y = DR Nir

B
which is always non-negative for the feasible parameters. Therefore, the time optimiza-

Y

N
9BD;
C;, =

tion problem is a convex problem. The Lagrangian for the problem is given by

L(T)) = Fo(T)) + (T — D, + D)) — T, (2.43)
where pi5 is always set to zero since the constraint 7 > 0 shall be satisfied as inequality.
The derivative of the Lagrangian can be expressed as

dL C— —C xr OéPC hk 2
— eTjtDi _ gTj+D; ¢ — 14+ | J, | + 11,

dr; T+ Di Py (2.44)
e =In(c; + 1)D; + xy,.
The constraint 7; < D; — D, can be satisfied as equality or inequality. The KKT
multiplier u; shall be greater than or equal to zero when the constraint is satisfied as
equality. The condition for this is given by

T xT 2

5 Le D aPC’thf‘

cp=ePi——ePi +1—- ——2—
Dj Py

If the constraint is satisfied as inequality, then the solution could be determined with

> 0. (2.45)

the help of the Lambert W function as follows

eTjicDi Le _ eTﬁfDi _ aPC’thCP 1

T, + D, Py ’
R Te 1\ aPelhjr* — Py

T+ Di Pye (2.46)
e =W OZP0|hj7k|2—PN
Tjj —f- Dz PNG ’
T
T.=—F+ — —D,.
1+ W ()
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Remark 2.6. Theorem 2.5 is one of the major theoretical contributions of this chapter,
and it gives the solution with a different affected user selection compared to H-NOMA
in [86-38]. The SH-NOMA scheme is always more enerqy efficient than H-NOMA
when user 1 has the larger channel gain due to this switching. The difference in the
energy consumption is shown in Section 2.5 analytically and in Section 2.6 by simu-
lations. Additionally, Theorem 2.5 considers the constant circuit power in the energy

consumption calculations.

The solution to the problem in (2.30) with OMA is the same as in Corollary 2.3.
The solution to the problem in (2.30) reduces to the OMA solution when applying
NOMA is not feasible. The feasibility condition is the same as Corollary 2.4.

2.4. Sub-channel Allocation

The equivalent SCA problem to the problem in (2.9) can be presented by
2K-1 2K K

min Jo@) = 3 ST S usul(Ph+ PIOD, + PRTS] (247a)
W,Piyk,le’k,Pﬁk,Tj i1 jmitd bt B ,
s.t. Yigr €401} Vigk, )Y =2, Vk (2.47b)
i g

Z Zﬂ’z‘,y‘,k =1, Vi Z Zl/)z‘,j,k =1, Vj, (2.47¢)
J ok ik

where P}, le,:, PJQkS, and 77 are the optimal solutions derived from the partial opti-
mization problem fO(W) for every possible matching on every sub-channel. Although
this problem has a lower complexity compared to (2.6), it is a three-dimensional as-
signment problem (3DAP), which is shown to be NP-complete [80]. The global-optimal
solution can be found by the EXS algorithm, which is highly complex. We propose the
TES algorithm with lower complexity for the analyzed problem. Moreover, we study
the 2ES algorithm [81], which is a widely used game theoretic algorithm for NOMA
SCA problems [9, 35, 38].
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2.4.1. Description of the TES Algorithm

The TES algorithm is a game theoretic algorithm for the matching problem based
on the compensational stability notion in [82]. The TES algorithm starts with a random
initial assignment in which all agents are paired and assigned to sub-channels. Then,
each agent searches through the agents for a swapping opportunity. The swap is allowed
if the total reward in the system is increased after the swap. This condition corresponds
to the reduction of the total energy consumption of the system for our scenario. The
total reward calculation is based on a cost matrix Mg with dimensions (2K x 2K x K)
which contains the energy consumption values for every possible permutation of user
pairings and sub-channel allocations. The algorithm halts when the maximum number
of iterations is reached, or no swap is allowed at an iteration. The steps of the TES
algorithm are given in Figure 2.3. Next, we analyze the convergence and the stability

of the TES algorithm.

Theorem 2.7. The TES algorithm converges to a total-reward exchange stable solu-

tion.

Proof. First, we prove that the solution of the algorithm is total-reward exchange
stable. Since users look for all the swapping opportunities at each iteration, if the
algorithm halts at a specific matching, there cannot be a swap that would decrease the
total energy consumption. Thus, the final matching is total-reward exchange stable.
Then, the convergence can be proven as follows. Before the algorithm halts, at least
one swap occurs at each iteration. The users can perform a swap operation if and
only if the total energy consumption of the system decreases after the swap. Since the
initial total energy consumption and the number of users are bounded, the algorithm

shall always converge to a solution in a finite number of iterations. O

Remark 2.8. Theorem 2.7 states that the TES algorithm converges to a stable solution,
which has not been given in the literature. Therefore, the TES algorithm can be applied
to resource allocation problems where the 2ES algorithm is utilized [9, 35, 38].
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Input: Energy consumption matrix for every possible user and sub-channel
permutation (Mg).
Output: Stable pairing matrix Mp.
1: Randomly initialize the pairing matrix (Mp), set idx = 0 and swaps = 1.
2: while (idx < max)&(swaps > 0) do
3:  Increment idx and set swaps = 0.

4:  for (idzs < 2K) do

5: for (idzx. < 2K) do

6: Initialize M} = Mp, and then swap the users idz, and idz..

7: Calculate the original energy consumption E7 by summing all
elements of Mp ©® Mp.

8: Calculate the swapped energy consumption Ej by summing all
elements of M} © Mg.

9: if £} < Ep then

10: Approve the swap, increment swaps, and set Mp = M}p.

11: end if

12: end for

13:  end for
14: end while

15: return Mp

Figure 2.3. TES algorithm.

The number of iterations for the exchange-stable algorithms such as TES or 2ES
to converge cannot be determined analytically [9,81,82]. However, in Section 2.6, we
show that the maximum number of iterations can be limited with almost no effect on
the resulting energy consumption. Furthermore, we demonstrate by simulations that

the TES algorithm performs close to the optimal solution.
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2.4.2. Complexity Analysis

The EXS algorithm compares all possible permutations for 2K users assigned to
K sub-channels, disregarding the ordering within the pairs. The number of different
pairs in such a setting is %, which can be approximated using Stirling’s approxi-
mation for factorials as K% [83]. In Big-O notation, the complexity is equivalent to

O(NM).

For both of the exchange stable (ES) algorithms, the following steps are ex-
ecuted. First, a three-dimensional cost matrix needs to be constructed, which needs
2K3 operations. Then, 2K (2K —2) comparisons shall be made at each iteration, where
the number of iterations is denoted as C'. Since C' cannot be determined for ES algo-
rithms [9,81,82], the complexity can be determined by bounding the number of allowed
iterations. The total number of computations for ES algorithms is 2K?+C 2K (2K —2),
which is in the order of O(N3) for C' < K. To avoid increasing the complexity, we limit
the number of iterations to K, which does not cause any performance degradation, as

shown in Section 2.6.

2.5. Analytical Results

In this section, we analytically compare the proposed methods to the existing
methods in the literature. First, we compare the optimal SH-NOMA multiplexing to
the H-NOMA multiplexing in the literature. Then, we move on to the SCA problem

and show that the TES algorithm outperforms the 2ES algorithm by induction.

2.5.1. Analytical Comparison of SH-NOMA to H-NOMA

We have stated in Section 2.3 that the H-NOMA solution in [36-38] is a special
case of the SH-NOMA solution in Scenario A with equal offloading data requirements
and no constant circuit power consumption. Since the H-NOMA method is only appli-

cable for equal data offloading cases, we limit our comparison to » = 1. Additionally,
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T; is optimally determined for SH-NOMA concerning the constant circuit power Fe.
In contrast, it is set to D; — D; for H-NOMA since constant circuit power is neglected
while deriving the H-NOMA resource allocation [36-38]. Therefore, in this section, we
assume Po = 0 to show that SH-NOMA outperforms H-NOMA even when the circuit
power is not considered. The power allocation scheme for H-NOMA is the same for
both scenarios, and it is equal to the solution in (2.12) with » = 1. Thus, in Scenario
A, H-NOMA and SH-NOMA are identical for r = 1 and Pz = 0. On the other hand, in
Scenario B, H-NOMA and SH-NOMA methods have different power allocations given
by (2.12) and (2.31) with » = 1 and Px = 0, respectively.

Corollary 2.9. SH-NOMA is more energy efficient than H-NOMA [36-38].

Proof. In Scenario A, the energy consumption of both methods are the same. In
Scenario B, the time allocations are the same, but the power allocations are different.
The energy consumption for a pair is given by E = D; Py + D;P}, 4+ T;P?,. The
energy consumption difference between SH-NOMA, and H-NOMA is defined as AE =
Esy — Ey, which can be calculated by substituting the power and time allocations

from (2.12) and (2.31) as

Ni N hikl? Dy 2N Dy hsl? Ni
AE — 2555 (2857 _ 1) \sal J”“|2 )P — op; _ DiJharl J”“‘z —1)(2BD; — 1),
[P x| Dj " |hi ]
D; |hjx)? N; (2.48)
AE < AEy = — =1 (=2%_ —1)(2BDi —1) < 0.
>~ U D](|h27k|2 )( ) —
& hs 2 & Ni
where the inequality [(2BD: — 1)1l 4 11D < 25D; s utilized. O

[P k|2

2.5.2. Analytical Comparison of TES to 2ES

TES and 2ES algorithms behave the same except for how the swap-allowing
decision is made. The TES algorithm considers the total change in the total energy
consumption to allow a swap, whereas the 2ES algorithm considers the change in the
energy consumption in each pair. To express this difference mathematically, we define
AEp = AFEpy + AEpsy, where AEp is the change in the total energy consumption
of both pairs after the swap; and AFEp;, and AFEpy are the change in the energy
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consumption of pair 1, and pair 2, respectively. The swap condition for TES algorithm
is AEg > 0, whereas the swap condition for 2ES algorithm is (AEp; > 0)&(AEpy >
0)&(AEpB > 0). We show that TES always outperforms 2ES in Theorem 2.10.

Theorem 2.10. The TES algorithm performs better or equal to the 2ES algorithm

[9, 35, 38] regarding energy efficiency.

Proof. From the swapping conditions of the TES and 2ES algorithms, it can be seen
that the set of swaps allowed by the TES algorithm is a superset of the set of swaps
allowed by the 2ES algorithm. Therefore, we can state that the TES algorithm would
have more than or equal number of swaps than the 2ES algorithm for any given scenario.
Since the energy consumption of the system decreases at each swap operation, the TES
algorithm performs better than or the same as the 2ES algorithm regarding energy

efficiency. O

2.6. Simulation Results

In this section, first, we compare SH-NOMA with OMA, NOMA, and H-NOMA
multiplexing methods from the literature by simulations. Then, we combine these
methods with the EXS algorithm to assess their performance. After showing the su-
periority of SH-NOMA to other methods, we continue with the SCA algorithms. We
give the maximum number of iterations required for the TES algorithm to converge by
Monte Carlo simulations. Then, we compare the proposed TES algorithm to the opti-
mal EXS algorithm, and the widely used 2ES algorithm from the literature [9,35, 38].

The simulation parameters are given in Table 2.1, where R is the cell radius, Ny is
the noise floor, and f,. is the carrier frequency. G is the receiver antenna gain, =y, is the
path loss exponent, and og is the standard deviation of shadowing. B is the bandwidth
of a single sub-channel, N, is the mean value of the data transmission requirements
per user, D, is the mean value of the latency constraints per user, D, is the standard
deviation of the latency constraints per user. « is the power amplifier efficiency, and

P is the constant circuit power.
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Table 2.1. Simulation parameters.

Symbol Parameter Value
R Cell radius 2000 m
Ny Receiver noise floor —116dBm
fe Carrier frequency 800 M H =z
G Receive antenna gain 18dB
YL Path loss exponent 3
og Shadowing loss standard deviation 6dB
B Bandwidth of a single sub-channel 180kH =
N, Mean value of the data transfer requirement 500000 bits
D, Mean value of the latency constraint 2.25s
D, Standard deviation of the latency constraint \1/—1% S
Q Power amplifier efficiency of the mobile device 0.35
Pe Constant power consumption of the transmitter 50 mW

2.6.1. Analysis of SH-NOMA for a single pair

The effects of the latency constraints on the performance can be analyzed to
assess SH-NOMA in a single-pair scenario. For the analysis, the latency constraint of
user j, which has the less strict latency constraint, is set to 3 seconds. The latency
constraint of the other user is determined by the parameter g—;’; ratio. Additionally,
the channel gains of the users are set to constants to focus only on the effects of the
latency constraints. In Scenario A, where |h;|* < |h;|?, the channel gains are set as
|hi|* = —123dBm, and |h;|> = —108dBm. In Scenario B, where |h;|* > |h;|?, the
channel gains are set as |h;|*> = —108 dBm, and |h;|* = —125dBm.

In Figure 2.4, the effect of the latency requirements is analyzed for a user pair
in Scenario A with Po = 0. As stated in Section 2.5, SH-NOMA and H-NOMA per-
form the same in this scenario. Additionally, it is evident that SH-NOMA outperforms
NOMA and OMA. NOMA solution has the worst performance for smaller values of
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% ratio, and converges to SH-NOMA as the latency ratio is increased to one. This
J

behavior is expected because NOMA is applied during D;, and the energy required for
transmission is reduced as the transmission time increases. OMA and SH-NOMA solu-
tions perform the same until the switching point in Corollary 2.4. After the switching

point, OMA performs worse than SH-NOMA due to the NOMA gain.
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Figure 2.4. Energy consumption of a pair in scenario A with Po = 0.

In Figure 2.5, the effect of the latency requirements is analyzed for a user pair
in Scenario B with Po = 0. As stated in Section 2.5, SH-NOMA performs better than
H-NOMA in this scenario. Furthermore, it can be seen that SH-NOMA outperforms
NOMA and OMA, similar to Scenario A. NOMA solution behaves the same as Scenario
A since the channel gains of the users in the pair are swapped. OMA and SH-NOMA
solutions perform the same until the switching point. After the switching point, OMA
performs worse than SH-NOMA due to the NOMA gain.

In Figure 2.6, the effect of latency requirements is analyzed for a user pair in
Scenario A with Pg taken into account. Due to the constant circuit power dissipation,
the energy consumption is higher compared to Figure 2.4. SH-NOMA outperforms all
other methods when applying NOMA is feasible. Otherwise, SH-NOMA falls back to
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the OMA multiplexing. It can be seen that the performance of H-NOMA is severely
degraded, and the switching to NOMA is not done in Scenario A. NOMA is also
significantly affected by the constant circuit power and is more efficient than OMA

when g—; € [0.20,0.48].

Energy Consumption of a pair in Scenario B
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Figure 2.5. Energy consumption of a pair in scenario B with Pz = 0.

In Figure 2.7, the effect of latency requirements is analyzed for a user pair in
Scenario B when P is taken into account. Similar to Scenario A, the energy consump-
tion is higher compared to Figure 2.5 due to constant circuit power dissipation. SH-
NOMA outperforms all other methods when applying NOMA is feasible. Otherwise,
SH-NOMA falls back to the OMA multiplexing. It can be seen that the performance
of H-NOMA is severely degraded. H-NOMA is activated only when g—; > (0.8 in Sce-
nario B. NOMA is also significantly affected by the constant circuit power and is more

efficient than OMA when 2t € [0.28,0.48].
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Figure 2.6. Energy consumption of a pair in scenario A with non-zero Pe.
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Figure 2.7. Energy consumption of a pair in scenario B with non-zero Pc.
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2.6.2. Analysis of SH-NOMA with Optimal SCA

For this comparison, all users are assigned the same amount of data to be of-
floaded; because the H-NOMA method in the literature [36-38] cannot handle users
with different data offloading requests. Therefore, N, is set to N, for all the users.
The total energy consumption comparison of SH-NOMA to other multiplexing meth-
ods with optimal SCA is given in Figure 2.8. SH-NOMA consumes 3.5% less energy
than H-NOMA from [36-38], which agrees with the analytical results in Section 2.5. It
should be noted that SH-NOMA and H-NOMA have the same receiver complexity. It
can also be seen that SH-NOMA is more energy efficient than NOMA from [9], by 15%
when users have heterogeneous latency requirements. Finally, the energy consumption
of SH-NOMA is reduced from 4% and up to 15% compared to OMA. The average
energy consumption per user with optimal SCA is given in Figure 2.9. As seen, energy
consumption per user decreases as the number of available sub-channels increases. The
improved energy efficiency is due to the higher number of combinations of users and
sub-channels. Moreover, it can be seen that OMA becomes more energy efficient than

NOMA when the number of users is larger than or equal to twenty.

2.6.3. Maximum Number of Iterations of TES

The maximum number of iterations for ES algorithms cannot be determined in
closed form, as stated in Section 2.4. The maximum number of iterations is calcu-
lated by Monte Carlo simulations to analyze the behavior of the TES algorithm. The
probability density function of the maximum number of iterations for the number of
users is given in Table 2.2. As seen, the number of iterations for convergence is always
lower than the number of users in the system. Therefore, if the maximum number
of iterations is limited by the number of users in the system, as we have proposed in

Section 2.4, the algorithm still converges to a stable solution.
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Table 2.2. Probability distribution of maximum number of iterations.

8 Users | 16 Users | 24 Users | 32 Users
P(Lae = 2) | 0.65133 | 0.21629 0.05983 0.01667
P(Lnax = 3) | 0.33225 | 0.65000 0.64933 0.53412
P(Lax = 4) | 0.01613 | 0.12375 0.25708 0.37375
P(Imaz = 5) | 0.00029 | 0.00950 0.03129 0.06758
P(Imaz = 6) | 0.00000 | 0.00046 0.00208 0.00713
P(Lmaz = 7) | 0.00000 | 0.00000 0.00038 0.00067
P(Lmaz = 8) | 0.00000 | 0.00000 0.00000 0.00008
P(Lnaz = 9) | 0.00000 | 0.00000 0.00000 0.00000

2.6.4. Performance Analysis of TES

In this part, the amount of data for each user is calculated from a uniform distri-

bution with a mean value of IV, and a standard deviation of 2‘?(/]%)0. As stated earlier,

TES and 2ES algorithms have O(N?3) complexity, and the optimal EXS algorithm has
O(N™) complexity. The energy consumption comparison of different SCA algorithms
with the optimal SH-NOMA method is given in Figure 2.10. From the figure, it is
evident that TES significantly outperforms the 2ES algorithm, which is used in the
literature widely [9,35,38]. The improvement in the energy consumption of TES com-
pared to 2ES is 30%, which agrees with the analytical results given in Section 2.5.
Additionally, the results show that the TES algorithm performs very close to the opti-
mal EXS algorithm. The energy consumption difference between TES and EXS in the
figure is less than 4 %. The average energy consumption per user with different SCA
methods is given in Figure 2.9. Akin to the case for the multiplexing methods, energy

consumption per user decreases as the number of available sub-channels is increased.
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2.7. Concluding Remarks

In this chapter, we studied the Hybrid NOMA MEC Offloading resource allocation
problem focusing on energy efficiency. We formulated the corresponding optimization
problem and separated it into two sub-problems for power and time allocation and sub-
channel allocation. For the first problem, we proposed a novel multiplexing scheme,
SH-NOMA, that can be used with users with different QoS requirements, such as
latency constraints and offloading data requirements. We have analytically determined
the optimal power and time allocation formulas for the SH-NOMA scheme. Then, we
compared SH-NOMA to other methods in the literature and shown analytically and by
simulations that SH-NOMA outperforms available methods in the literature. For the
second problem, which is NP-complete, we proposed the TES algorithm. We showed
that this algorithm outperforms the existing 2ES algorithm in the literature with a
similar level of complexity. Moreover, we showed that the TES algorithm performs
very close to the optimal EXS algorithm with very high complexity. The proposed
joint resource allocation method can be applied to the Hybrid NOMA MEC Offloading

problems in the literature.
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3. RESOURCE ALLOCATION FOR DOWNLINK HYBRID
NOMA

In this chapter, we analyze the resource allocation problem for downlink H-
NOMA. We first describe the considered system model and define the problem. Sub-
sequently, we introduce the H-NOMA method for a single user pair. Afterward, the
H-NOMA method is combined with OFDMA to serve more than two users by utilizing
multiple sub-channels. Then, the performance of the proposed power control and sub-
channel allocation algorithms is compared with similar methods from the literature by

simulations.

3.1. System Model

In this work, we aim to minimize the energy consumption for the downlink trans-
mission in an OFDMA-based network with the joint utilization of OMA and NOMA,
which we refer to as H-NOMA. The OFDMA network has K sub-channels that can
be allocated to the users. We assume two users per sub-channel to reduce the com-
plexity of the SIC receiver and ensure robust performance in practical scenarios [76].
Furthermore, we assume perfect downlink CSI at the base station. The downlink CSI
can either be received as feedback from the users, or it can be determined from the

uplink CSI due to channel reciprocity for Time Division Duplex (TDD) systems [84].

An example network model with K groups and two NOMA users per group, each
sharing the same sub-channel, is given in Figure 3.1. The user with the better channel
conditions is denoted as user x, and the other user is denoted as user y. The data
transfer requirements of the users are denoted as IV, and N,;, where we assume without
loss of generality N, = Ry* N, with Ry > 0. The latency requirements of the users are
given as D, and D,. Throughout the article, we denote the shorter latency constraint
as D, and the longer latency constraint as D;. The rest of the parameters are the

common noise power Py and the bandwidth of a sub-channel B.
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Figure 3.1. An example network diagram for downlink H-NOMA.

H-NOMA is compared to OMA and NOMA for different cases in Figure 3.2.
The OMA time allocation is done according to the latency constraints of the users.
The stricter latency-constrained user transmits during Dy and the other user during
D; — D,. Both NOMA users are only active during D,. User y treats the other user’s
signal as noise (TaN); user z utilizes a SIC receiver to cancel the interference of the
signal transmitted to user y. Finally, for the proposed H-NOMA scheme, both users
are active during 77 = D,. Then, the looser latency-constrained user transmits alone

during Ty, < D; — D.

User x .

Usery [ | CaseA(D,sD) Case B (D, >D,)
D, D, D, D,
NOMA (TaN) NOMA (TaN)
NOMA
D, D,
NOMA (TaN) NOMA (TaN)
H-NOMA G
D D, D D

x y x

Figure 3.2. Comparison of H-NOMA to OMA and NOMA.
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Table 3.1. Constant circuit power consumption for different multiplexing methods.

Method OMA NOMA H-NOMA

Consumption | PA(T) +Ts) | PA(2*Ty) | PA(2* Ty +Ty)

The total power consumption for the downlink data transfer consists of the down-
link transmission power and the uplink reception power. The downlink transmission
power is the sum of the rate-dependent transmission power and the constant circuit
power in the base station; the uplink reception power is the constant circuit power in

the mobile device [77]. In this article, the total power consumption P is modeled as

P P!
P=—+F+-5 (3.1)

where P? is the rate-dependent transmission power of the base station, « is the efficiency
of the power amplifier that satisfies 1 > a > 0, w is the charge/discharge energy
efficiency of the battery that powers the mobile device [85], PZ is the constant circuit
power for the base station, and P4 is the constant circuit power for the user. The
constant circuit power for the base station is assumed to be zero since the base station’s
transmit chain is always on. The constant circuit power consumption for different
multiplexing methods is given in Table 3.1. Only a single user has its receiver on
during each time period for the OMA method. Two users receive during the first
period for the NOMA method. Finally, both users receive during the first period, and
a single user receives during the second period for the H-NOMA method. Therefore,
we can conclude that H-NOMA has higher constant circuit power consumption than

other methods.
3.2. Power and Time Allocation for Downlink Hybrid NOMA

This section focuses on the power and time allocation for two downlink NOMA

users that utilize the same sub-channel. The total energy consumption can be given as

(2T1+Tg—g+ZT( vi t B ) (3.2)
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where the constant circuit power consumption is considered for both users during T}
and a single user during T5. As stated in Section 3.1, T} is equal to D, for H-NOMA,

and the 27 P# term is a constant.

The optimization problem for H-NOMA can be formulated as

. aPg
Pac,irvnPlyIi,Tg T (Pri + Pyi) (3.3a)
N, ¢ Pyalhy?
5.t e Z_; ogy(L+ 5=t s) <0 (3.3b)
R N 2 i
y ZT log, (1 P| - ) <0, (3.3¢)
N
- Px,i S 0, _Py,i S 0, (3.3d)
~T<0, T<Di—D, (3.3¢)

where P, ; and P, ; are the transmission power allocation of users x and y in transmis-
sion period 7, P,;. The constant term 273 P4 in the objective function is neglected,
and the whole objective function is scaled with the power amplifier efficiency coefficient

a.
We study two separate cases depending the on the latency constraints. The

transmission periods are 77 = D,, and T, < D, — D, for Case A (D, < D,), and
Ty =Dy, and Ty, < D, — D, for Case B (D, > D,).

3.2.1. Case A (D, < D,)

The optimization problem for Downlink H-NOMA Case A is given by

Pu
min DyPy1 + DyPyy + ToPys + TyC (3.4)
Py 1,Py;,To w
N P,ilhy?
3 WD, logy(1 v.117y
i B el t 5= P
P, o|h, |2
— Ty log,(1 + M) <0, (3.4b)
Py
RyN, e
MY D, log,(1+ ﬁ) <0, (3.4c¢)

Py
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—~P,1 <0, —P,;1<0, —P,,<0, (3.4d)
~T,<0, Ty<D,—D,, (3.4e)

which is a non-convex problem due to the multiplicative term 75F, 5 in the objective

function. This problem can be reduced by determining P, ; from constraint (3.4c) as

RNN,
2 BD, — 1

el

and substituting into the problem. The simplified optimization problem can be ex-

Pa:,lzaxPNa Ay =

(3.5)

pressed as
i aPj

P17$y27T2 fl (Py,la Py,2> TQ) = DmPyJ + TQP%Q + TQ o (36&)
N, Py 1|hy|?

.t 2 _D,1 1 .11y

s B 0gy(1 + Pya, )

P, s|h,|?
Pn

—Ba<0, P <0, (3.6¢)
~h<0, L<Dy- D, (3.6d)

where a, = a,|h,|*> + 1. The problem is still non-convex due to the multiplicative term
T5P,, in the objective function. This problem can be solved as a convex sequential
problem as explained in [79]. First, a sub-problem that depends only on P, ; and P, ,
is defined, and the optimal power allocation in terms of constants and 75 is derived.
Then, another sub-problem that depends only on 75 is defined using the optimal power

allocation, and the optimal time allocation can be found by solving this problem.
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Theorem 3.1. Optimal power and time allocation for H-NOMA in Case A is given as

PN RNNy
P, 2 BD: —1),
T )
Dy
Pt = n (2P0 — ),
Tyl
_Dz
Py = PN2 (213(%%“;1”2 - 1),
|7y
4
Dy - D:Ea Zf Cq Z 0
e az y az 37
P H—W—(ua)_Dﬂ“ else Zfl—i—W—(ua)>D$ (3.7)
0, otherwise
\
U 2
L0 g olEhf
Cem M T T T by
In(2)N,
Gz = % + In(ay) Dy,
_ O‘Pg"hy‘Q —wPy
¢ wPye ’

where W (.) is the Lambert function.

Proof. The power allocation sub-problem can be given as

. aPy

Pmllg . fll(Py,la Py,2> = DIPyJ + T2Py72 + T2 wc (38&)
N P, |hy)?

.t. 2 _D,l 1 v Y

; B Bl 5 )

P,slh,|?
— Tylog,(1 + M) <0, (3.8b)
Py

— Py,l S O, —Py’g S 0. (38(3)

The power allocation sub-problem in (3.8) is convex, if the constraint (3.8b) is convex

since the objective function and constraint (3.8¢c) are linear. The Hessian of (3.8b) is

D, . 0
Py
T3 +as PN+Py, In(2)
H(gn) = <‘hy‘2 ) : (3.9)
0 I

2
(l}];%-l-Py,z) In(2)
which has non-negative eigenvalues for every feasible value of the optimization parame-

ters and the constants, and it is positive semi-definite. Therefore, the power allocation
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sub-problem is convex. The Lagrangian of the simplified problem is given by

aP4
L=D,P,y +ToPys+ Ty wc +u'gs, (3.10a)
g1 = g1 912 913]", (3.10Db)
N, Py by [? Pyslhy[?
= — — D, logy(1 r — Tylog,(1 + =241 ), 3.10
g11 B ng( + PN(l +ax‘hy|2)) 2 OgQ( + Py ) ( C)
G2 =—bFy1, Gi3=—bFy2, (3.10d)

where py = [p11 12 u13]T is the vector of KK'T multipliers. The KKT conditions of

this sub-problem can be expressed as

oL |hy |2
=D,—D, Y — g = 0, 3.11a
oP, “”1n(2)(PN(1 + ag|hy|?) + Pyalhyl?) Haz ( )
oL |hy |2
8Py,2 2 2M111H(2)(PN+Py,2|hy]2) H13 ) ( )
gl =0. (3.11c)

where constraint gq; is satisfied as equality to avoid extra energy consumption. Con-
straint gi2 is met as inequality since, for H-NOMA, the transmit power in the first
transmission period shall be positive. Constraint g3 is satisfied as inequality to in-
crease energy efficiency by transmitting during the second transmission period, which
is interference-free. Thus, 17 shall be non-negative, and 1 and p13 are equal to zero.

Utilizing (3.11a) and (3.11b), two expressions for p;; can be derived as
ln (2) (PN(l ‘|‘ a:(:’hy‘Q) + Py71|hy|2) o h’l (2) (PN —|— Py72‘hy|2)
[y 2 C |y |2 ’

where 117 is greater than zero, as KKT conditions require. By employing the expres-

(3.12)

Hi1 =

sions of py; in (3.12), P, 2 can be expressed in terms of Py and P, ; as follows

Py,QZPN*aaE_’_Py,I' (313)

Substituting (3.13) for P, in (3.8b), power allocation for user y is determined as

N, Dy

Hrpa  DatTh
B(Dg+T: T2
p. _p 2 B(Dg+ z)ay Ay
y,1 N |h |2 )
Y (3.14)
Ny Dy :
P P 2B(Dz+T2) ayDa:+T2 _ 1
2=IN
! |hy|?

The time allocation sub-problem can be given by

Ny In(2) Dg In(ay)
eB(Dz+Ty) ¢ DztTa

r%n fi12(T2) = D, Py e




52

Ny In(2) Dy In(ay)

B(Dg+Ts) Dy +T: _ 1 Pu
IR O < N N & (3.15a)
| hy|? w
s.t. T, <D, — D,, (3.15Db)
-1, <0, (3.15¢)
where the constant term ﬁjg is neglected. Since the constraint functions are linear, the

optimization problem in (3.15) is convex if the second derivative of f, is non-negative.

The second derivative of fi5 can be shown as
A2 f1s Nyn(2)  Dalntay) (BD, ln(ay) + ln(Q)Ny)2

= ¢B(T2+Dz) ¢ T2+Dxz

T2 BX(Ty + D,)*hy 27

which is always positive for the valid values of the parameters. Thus, the time allocation

(3.16)

sub-problem is convex. The Lagrangian for the time allocation sub-problem is

L(T3) = fi2(T2) + 1y (To = Dy + D) — pi, T, (3.17)
where p}, is set to zero since Ty cannot be negative. The derivative of the Lagrangian

with ut, = 0 can be expressed as

d_L — eT;sz _ eTQiZDm L — 14+ an’lhy|2 + Nt

dT; Ty + D, WPy 11 (318)
In(2)N,

a: = —p— + In(a,)D,.

There are two possible solutions to this problem depending on constraint (3.15b). If

the constraint is satisfied as equality, then pf; shall be greater than zero, which is

2
a az aP*h

> 0. 1
y 20 (3.19)

If the constraint is satisfied as inequality, then pf; is equal to zero, and T can deter-

mined as follows

R oY1 1L

T2 + Dx (.UPN
o Toipr 1 ( a, 1) _ Pl h,|> — wPy

Az
eTo+Dx

I

T, + D, B wPye

a aP h,|* — wPy
— —1=W (&
Th+ D, ( wPye ’ (3.20)

Qy

I = aPilhyP—wPy\ Da
L+W (—C y N)

wPyne

— aZ
1+ W (v,)
aPl|hy|>—wPy

where W (.) is the Lambert function, and v, = —¢-2—=. O

wPne

T2 _ny
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Remark 3.2. Theorem 3.1 gives the optimal power and time allocation of the downlink
H-NOMA scenario with non-ideal circuit consumption when D, < D,,. In the literature,
the power and time allocation of the uplink is given in [36,40], and the power allocation
of the downlink for only FBC scenarios is given in [21,22]. We introduce the H-NOMA

solution in the infinite blocklength code regime.

The H-NOMA solution is determined by the assumption that P, is larger than
zero. When P,; = 0, the H-NOMA method reduces to the OMA method. The power

allocation for OMA can be derived directly from Shannon rate equations as follows

PN RNNy
P, = 9BD. — 1),
1 |hx|2( )
P, =0, (3.21)
P Ny
Pyp = (257 — 1),
|y

The optimization problem that minimizes the energy consumption of OMA with con-

stant circuit power consumption is given by

PN Oépg

Ny
. _ BT, _
r%n foa(T2) =Ty 2 (2572 — 1) + Ty - (3.22a)
s.t. T, <0, (3.22b)
T, < D, — D,. (3.22¢)

Theorem 3.3. The optimal time allocation for OMA in Case A can be expressed as

D, — D,, if Coa >0
15 =
T = 1+M%uoa)’ otherwise
ox ox U 2
Coa = €D D5 ﬁ — Py Pr 41— % (3.23)
In(2)N,
Om = B 9
_ aPylhy|* —wPy
o wPye ’

Proof. The optimization problem in (3.22) is convex on the condition that the objective

function is convex and the constraint functions are linear. The second derivative of the
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objective function can be given by
Ny
d*f,  Py27% (In(2)N,)* (3.24)
dIy — BL)%h)*

which is non-negative for all the possible values of the parameters, and the optimization

problem is convex. The Lagrangian for the OMA time allocation problem is

L(Ty) = fo(T2) + pior (T2 = Dy 4 Dy) — 2T, (3.25)
where pi2 is set to zero since T; cannot be negative. The derivative of the Lagrangian

with .o = 0 can be expressed as

dL oz oz Oy an|hy|2

——=eT —eT o — 14—y,
_ In(2)N,

Oy = 5

There are two possible solutions to this problem depending on constraint (3.22¢). If the

constraint is satisfied as equality, then u,; shall be greater than zero. This condition is
ox Ox

oz _ox aPtlh,|?
c :eDy*Dz _eDy*Dz +1_ C’ y|
1
D, — D, WPy

If the constraint is satisfied as inequality, then p!; is equal to zero, and T, can be

> 0. (3.27)

determined as follows

e%o_x_ %: an|h’y’2 -1
Tg wPN ’
S0 ) _ aPglh,|? — wPy
T2 (,UPNG ’
0 aP¥h,|* — wPy
- 1 — W Cl'y
T, ( wPye ’ (328)
by
T = aPilhyP—wPy ) Dy,
1w (et )
Oy
Ty=— "
2T W (Vo)

aP¥|hy|?—wPy
wPye

where v,, = O

Corollary 3.4. The activation conditions of H-NOMA, and the fall-back methods in

Case A are given by

if (P,1<0)&(Ey > Bo)), OMA,
else if ((ca > 0) & (HGT(Z/) > DI)) . H-NOMA, (3.29)

otherwise, NOMA.
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Proof. The if condition can be proved as follows; the solution given in Theorem 3.1
is applicable if P,; > 0, and H-NOMA is not activated unless it is more efficient
than OMA. The else if condition follows from the conditions that results 75, = 0 in
Theorem 3.1 since for T, = 0 H-NOMA is equivalent to NOMA. O

3.2.2. Case B (D, > D,)

The optimization problem for Downlink H-NOMA Case B is given by

. aP

P, min DyP,1 + DyPpy + ToPpo + Ty wc (3.30a)

RNN Px,l‘hx|2
Py alha|?
— Tylog,(1 + L) <0, (3.30Db)
Py

Ny P, 1|h |2
—Y — D, log,(1 ¥ <0 3.30
B Yy Og2< + PN+Px71|hy|2> — Y ( C)
—P,; <0, —P,1<0, —P,5<0, (3.30d)
~T,<0, Ty<D,—D,, (3.30e)

which is a non-convex problem due to the multiplicative term 75P, » in the objective
function. This problem can be solved as a convex sequential problem similarly to Case
A. First, a sub-problem that depends only on P, ;, P, 2, and P, is defined, and the
optimal power allocation in terms of constants and 75 is derived. Then, another sub-
problem that depends only on 75 is defined using the optimal power allocation, and

the optimal time allocation can be found by solving this problem.
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Theorem 3.5. Optimal power and time allocation for H-NOMA in Case B is given by

P Ny(RNDy—Tp)
P:cl _ N 9 BDy(Dy+T2) — ] ,

Py Ny(Ry+1)
P,y = 2BDy+Ty) — 1 | |
s (2 )
Py ( Ny ) ( Ny(RyDy—T3) ) Py ( Ny )
P 1= 9BDy _ | 9 BDy(Dy+Ty) — 1| + 28Dy — 1),
Y |ha|? |hy[?
(
D, — D,, if ¢y >0
T = W D,, else zfm > D, ( )
0, otherwise
\
U 2
Cp = 611777951 bx — 6% +1— —aPC|h$| ,
T WPN
b In(2)(Ry + 1)N,
x B I
aPlh,|* —wPyx
Vy = .
wPye
Proof. The power allocation sub-problem can be given as
) aP}
Pgllpfi . fo1(Py1, Peo, Py1) = DyPy1+ DyPyy +1oP, o + 1) wc (3.32a)
Ry N, Pp1lhg|?
s.t. B Y _ Dy 10g2(1 + P—N)
P, o|hy|?
— Tylogy(1+ L') <0, (3.32D)
Py
Ny P, 1|h ’2
— —-D,1 1 Y Y <0 3.32
B ) ng( + PN+P$71|hy|2) — Y ( C)
- P11 <0, —-P,;<0, —P,,<0, (3.32d)

Akin to Case A, the power allocation sub-problem in (3.32) is convex, if the constraint
(3.32b) is convex since the objective function and constraint (3.32c) are linear. The

Hessian of constraint (3.32b) is given by

D, 0
Pn 2
_2+sz1 ln(2)
H(gn) = ("“' ) : (3.33)
0 L2

(2 +Pez) n2)

which has non-negative eigenvalues for every feasible value of the optimization parame-

ters and the constants, and it is positive semi-definite. Therefore, the power allocation
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sub-problem is convex. The Lagrangian of the sub-problem is given by

aPY
L=Dy,P,,+ DyP.y+ToPrs+ Ty wc‘ + pa gz, (3.34a)
gz = [921 922 923 924]T7 (3-34b)
Ry N, le‘th Px2|hx’2
= — D, log,(1 4+ ——) —Tslog,(1 + ——), 3.34c
921 B Yy gZ( PN ) 2 g2( PN ) ( )
Ny Pyalhy|?
=—=-D,1 1 YooY 3.34d
922 B Y OgQ( + PN + Pm’llhy|2>7 ( )
g23 = _Px,b go4 = —Pz,2, go5 = _Py,b (3-346)

where pug = [91 f129 f123 fi24 ftos]) T is the vector of KKT multipliers. The KKT conditions

of this sub-problem can be expressed as
OL 5 Dy o1 | by |?
8Px’1 v In2 (|hz|2Px71 —+ PN)
Dyﬂ22BPy,1(|hy|2)2

+ — =0, 3.35a
12 (72 Pos + Px) (Jhy2Pys + |12 Pos + Py) 2 (3.35a)
oL N21|hz|2
-1 (1- gy =0 3.35b
oP,, ° ( 2 (|hy|2Pys + Py) Haa =5, ( )
oL fra2| hy 2 )
=D, (1- — =0, 3.35
0P, Y ( 2 (|h, 2P0 + |hyPPor + Py) )~ 1 (3.35¢)
N (3.35d)

where constraints go; and g99 are satisfied as equality to avoid extra energy consump-
tion. Constraint g3 is satisfied as inequality since, for H-NOMA, the transmit power in
the first transmission period shall be positive. Constraint g4 is satisfied as inequality
to increase energy efficiency by transmitting during the second transmission period,
which is interference-free. Constraint g5 is satisfied as inequality to satisfy the data
transfer requirement of user y. Thus, uo; and pgs are non-negative, and o3, fo4, and

o5 are equal to zero. Utilizing (3.35b) and (3.35¢), po; and pge can be derived as

In (2)(Py + Prolhs|?)
M1 = AE )

In (2)(Py + Pujlhyl® + Pyalhyl?)
e f? |

(3.36a)

(3.36D)

where p9; and 9o are greater than zero, as required by KKT conditions.
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The relation between the allocated power values can be derived as

Ny P, Ny
1= (270 — 1) |hN|2 + (277 = 1) Py, (3.37)
Y

from (3.34d). Substituting in (3.36a) for p;, (3.36b) for pss and (3.36a) for P,; in

P,

Y

(3.35a), P, can be expressed in terms of P, ; and constants as

Ny P, Ny
P,y = (277 — 1)ﬁ + 250 P, . (3.38)
Finally, by substituting P, » into (3.32b), power allocation is determined as

P Ny (R Dy—T5)
P, = N [ 97BDy(Dy+T5) _ 1 :
T e

P Ny(Ry+1)
Py = ﬁ <23<D;XT2> - 1) : (3.39)

o 1) (5 ) ).
T Y

The time allocation sub-problem can be given by

H}Fin faoo(T3) = Dy]ZLDTNP (eW)
+ TQI%VI? (;”é‘zﬁ;‘fﬁf” - 1) + T afg (3.40a)
s.t. T, < D, — D, (3.40b)
Ty <0, (3.40¢)

which is convex if the second derivative of f55 is non-negative since the constraint

functions are linear. The second derivative of fy9 can be shown as

2
@ fr _ o T Py ((Ry +1)In(2)N,)

dT2 B2(Ty + D,)3|h, >

which is always positive for the valid values of the parameters. Thus, the time allocation

(3.41)

sub-problem is convex. The Lagrangian for the time allocation sub-problem is given

by

L(Ty) = foo(T2) + piyy (Ta — Dy + D)) — i, T, (3.42)

where pb, is set to zero since Ty cannot be negative. The derivative of the Lagrangian
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with ub, = 0 can be expressed as

dL e by b, aPg|h,|? t

— =eB+by — Ty — 14— 4 b

AT, T, + D, wPy (3.43)
- In(2)(Ry + 1)N,

Similar to Case A, there are two possible solutions to this problem depending on
constraint (3.40b). If the constraint is satisfied as equality, then pb, shall be greater

than zero. This condition is true when

be b be aP¥lh,|?
cbzer x_er_f_l_M
T WPN

> 0. (3.44)

If the constraint is satisfied as inequality, then pb; is equal to zero, and T, can be

determined as follows
ba ba U 2
IR e i1 L1

T2+Dy WPN
by _q ( bx _ 1) . Oépg‘hx|2 —CUPN
Y

wPye

b, aPl|h,|*> — wPy
R T oo
y

wPye

1,

)

L= aPilhsP—wPy\ D
e
bs

= D
1+W(Vb) v

aP%|he|?—wPy
wPye

Yo

]

where v, =

Remark 3.6. Theorem 3.5 gives the optimal power and time allocation of the downlink
H-NOMA scenario with non-ideal circuit consumption when Dy > D,,. In the literature,
the power and time allocation of the uplink is given in [36,40], and the power allocation
of the downlink for only FBC scenarios is given in [21,22]. We introduce the H-NOMA

solution in the infinite blocklength code regime.

The H-NOMA solution is determined by the assumption that P, ; is larger than
zero. When P,; = 0, the H-NOMA method reduces to the OMA method. The power
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allocation for OMA can be derived directly from Shannon rate equations as follows

Pac,l = Oa
PN RNTNy

P = p® 7 o0 (3.46)
P Ny

Py, = —25(2BDy — 1),
|y

The optimization problem that minimizes the energy consumption of OMA with con-

stant circuit power consumption is given by

. PN Ny Oépg
H,}}Qn fob(TQ) = T2 |hx‘2 (2 BTy 1) + T2 w (347&)
5.t — T, <0, (3.47b)
T, < D, — D, (3.47¢)

Theorem 3.7. The optimal time allocation for OMA in Case B can be expressed as

Dw - Dyu Zf Cob Z 0
T2 -
T = HV;—?M,)’ otherwise
D OxD O D oxD +1 OéPg,’h:ElQ (348)
Cop = €P2~ Py ———— — ePa=Dy -,
’ D, — D, wPy
aPglh.)? — wPy
Vop = .
wPye
Proof. The proof follows Theorem 3.3. O

Corollary 3.8. The activation conditions of H-NOMA, and the fall-back methods in

Case B are given by

Zf ((P%l < 0) & (EH > Eo)) , OMA,

ba
else Zf ((Cb > 0) & <1—|—T(Vb) > Dz)> s ]{—]\[O]\/[A7 (349)
otherwise, NOMA.

Proof. The if condition can be proved as follows; the solution given in Theorem 3.5
is applicable if P,; > 0, and H-NOMA is not activated unless it is more efficient
than OMA. The else if condition follows from the conditions that results 7, = 0 in
Theorem 3.5 since for T, = 0 H-NOMA is equivalent to NOMA. n
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3.3. Sub-channel Allocation with OFDMA

The two-user H-NOMA idea can be extended to multiple users by assigning an
H-NOMA pair to each sub-channel. The sub-channel allocation (SCA) problem for 2K

users and K sub-channels is given by
2K—1 2K K

min YD Wikl(Pl + PLOT + (P + PR)TY) (3.50a)

v
i=1 j=i+1 k=1
s.t. Yigr € 0,1} Vig kY Y =2, Vk (3.50b)
v g
SoS ie=1 Vio DS wia=1 ¥, (3.50¢)
ik ik

where Hlk, lek, Pf,c, Pj%k, T1, and T5 are the optimal power and time allocation values
of the users on sub-channel k. The constant circuit power consumption is not effective
for the SCA problem and omitted in the objective function. The SCA problem is a
3DAP, shown to be NP-complete in [80]. The optimal solution to this problem can
be found by the Exhaustive Search (EXS) algorithm, which is very complex. In this
section, first, we present the existing exchange stable algorithms in the literature. The
2ES algorithm is first introduced in [81] and utilized for SCA problems in [9, 35, 38].
The TES algorithm is proposed in [82] and utilized for SCA problems in [40]. Then, we
introduce two low-complexity algorithms to solve the 3DAP; the first is the Two-Round
Hungarian (TH) algorithm, and the second is the B-TES algorithm.

3.3.1. Exchange Stable Algorithms in the Literature

The 2ES algorithm is a game theoretic algorithm that solves the matching prob-
lem based on the exchange stability notion in [81]. The 2ES algorithm is initialized
with a random assignment where all agents are paired and assigned to resources. Then,
each agent searches through the agents for a swapping opportunity. The swap is al-
lowed if the reward is increased for all participating agents. The algorithm stops when
the maximum number of iterations is reached, or no further swaps are permitted. The
TES algorithm is another game theoretic algorithm for the matching problem, based

on the compensational stability notion in [82]. The TES algorithm is similar to the
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2ES algorithm except for the different swapping conditions. In the TES algorithm,
a swap is permitted if the total reward in the system is increased. In summary, the
2ES algorithm favors the individual welfare of the swapping agents, whereas the TES
algorithm favors the total welfare of the network. The reward calculation is based on a
matrix that contains the reward information for every possible permutation of assign-
ments. The dimensions of the matrix for a SCA problem with K sub-channels and 2K
users is 2K x 2K x K. For the SCA problem, the matrix is an energy consumption
matrix that contains the energy consumption value per each matching. The energy

consumption value is calculated using the allocation formulas derived in Section 3.2.

3.3.2. Two-Round Hungarian Algorithm

The Hungarian algorithm is optimal for the two-dimensional assignment problem
(2DAP) [86]. In this work, we propose the Two-Round Hungarian algorithm to solve
the 3DAP, where the problem is solved in a sub-optimal fashion by dividing it into two
problems that can be treated as 2DAPs. In the first round, K sub-channels are allo-
cated to the K of the existing 2K users by an efficient implementation of the Hungarian
algorithm for rectangular assignment problems in [87]. As an input to the algorithm,
the channel gain matrix that consists of 2K users and K sub-channels is constructed.
In the second round, the K users not assigned in the first round are assigned to the
sub-channels. The cost matrix of this round is the energy consumption matrix calcu-
lated by the optimal power and time allocation values determined in Section 3.2. The

detailed steps of the TH algorithm are given in Figure 3.3.

3.3.3. Bootstrapped Total-Reward Exchange Stable Algorithm

In this work, we propose an extension to the TES algorithm in [40], which we
refer to as the B-TES algorithm. The TES algorithm utilizes a random initial matching
matrix, whereas, in B-TES, we add a bootstrapping step to initialize the algorithm with
a more energy-efficient matching matrix. We employ the TH algorithm, which we have

introduced earlier in this section, to determine the initial matching matrix. Then,



63

the TES algorithm is utilized to determine the final matching matrix. The maximum

number of iterations is set to K for a K sub-channel scenario as in [40]. The steps of

the B-TES algorithm are given in Figure 3.4.

. Construct the 2K x K channel gain matrix (H?P).

10:

11:

Run the Hungarian algorithm to assign the first user to each sub-channel.
for (idz, < K) do

for (idzx, < K) do

Calculate the energy consumption (EC) of the assignment (u,s).

end for
end for
Construct the K x K cost matrix (C?P) with the calculated EC values.
Run the Hungarian algorithm to assign the second user to each sub-channel

Construct the matching matrix (Mp) by combining the two runs.

return Mp

Figure 3.3. Two-Round Hungarian Algorithm.

3.3.4. Complexity Analysis

The complexity of the EXS algorithm is calculated as O(N™) in Chapter 2.

Moreover, the complexity of the ES and TES algorithms are also derived as O(N?) in

Chapter 2. The TH algorithm comprises constructing the cost matrices and running

the Hungarian algorithm twice. The complexity of two-dimensional cost matrix con-

struction is O(N?), and the complexity of the Hungarian algorithm O(N?3). Therefore,

the total number of computations for TH is in the order of (2K)3 + K3 + (2K)? + K?,

which is equivalent to O(N?) in Big-O notation. The B-TES algorithm comprises a

single run of both the TH and the TES algorithms. Since both algorithms have the

complexity of O(N?3), the B-TES algorithm also has the complexity of O(N3).
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1: Run the TH algorithm to acquire the initial matching matrix (Mp).
2: Set idr = 0 and state = 1.

3: while (idx < K)&(state == 1) do

4:  Increment idx and set state = 0.

5. for (ides < 2K) do

6: for (idz. < 2K) do

7: Calculate the original energy consumption Er from Mp.

8: Set M3 = Mp.

9: Swap the user in sub-channel idxg with idx. and update M}p.
10: Calculate the swapped energy consumption E7. from M}.

11: if £} < Ep then

12: Approve the swap, set state = 1 and Mp = M}.

13: end if

14: end for

15:  end for
16: end while

17: return Mp

Figure 3.4. B-TES algorithm.

3.4. Performance Evaluation

In this section, we assess the proposed algorithms against existing ones in the
literature. First, we compare the H-NOMA with OMA and NOMA for a single pair
via simulations. Then, we extend our comparison to the multi-user scenario where
the EXS algorithm does the sub-channel allocation. Afterward, we switch to the SCA
problem and compare the proposed B-TES algorithm with the existing methods in the

literature.

The simulation parameters are given in Table 3.2, where R; is the cell radius for
a larger cell, R, is the cell radius for a smaller cell, G is the transmit antenna gain,

fe is the carrier frequency, v, is the path loss exponent, og is the shadowing standard
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deviation, Ny is the noise floor, B is the bandwidth of a single sub-channel, D, is
the mean value of the latency constraints per user, D, is the standard deviation of the
latency constraints per user, IV, is the mean value of the data transmission requirements
per user, N, is the standard deviation of the data transmission requirements per user,
a is the power amplifier efficiency, w is the battery charge/discharge energy efficiency,

and Pg is the constant circuit power.

Table 3.2. Simulation parameters.

Symbol Parameter Value
Ry Larger cell radius 2000m
R, Smaller cell radius 1000 m
G Transmit antenna gain 18dB
fe Carrier frequency 800 M Hz
YL Path loss exponent 3
Os Shadowing loss standard deviation 6dB
Ny Receiver noise floor —116dBm
B Bandwidth of a single sub-channel 360 kHz
D, Mean value of the latency constraint 2.25s
D, Standard deviation of the latency constraint % S
N, Mean value of the data transfer requirement 500000 bits
N, Standard deviation of the data transfer requirement 2‘?9%)0 bits
Q@ Power amplifier efficiency of the base station 0.35
w Battery charge/discharge efficiency of the mobile device 0.92
P Constant power consumption of the receiver 50 mW

3.4.1. Assessment of the H-NOMA Method for the Single-user Scenario

This sub-section compares the H-NOMA method to OMA and NOMA methods
for a single pair. Energy consumption of H-NOMA and other methods in a larger cell
is given for Case A in Figure 3.5. It is evident that H-NOMA outperforms OMA when
the D,/ D ratio is larger than 0.5, and NOMA converges to H-NOMA when D, = D;.
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Figure 3.5. Energy consumption comparison of a pair for case A in a larger cell.

The energy consumption of H-NOMA and other methods in a larger cell is given
for Case B in Figure 3.6. It is evident that H-NOMA outperforms OMA when the
D,/ D, ratio is larger than 0.5, and NOMA converges to H-NOMA when D, = D;.

Energy consumption of H-NOMA and other methods in a smaller cell is given for
Case A in Figure 3.7. It is shown that H-NOMA outperforms OMA when the D,/D,
ratio is larger than 0.55, and NOMA converges to H-NOMA when Dy = D;. Moreover,
compared to the larger cell scenario, the energy consumption difference between H-
NOMA and other methods is smaller because H-NOMA consumes more energy due
to constant circuit power consumption and less energy due to the transmit power. As
the cell radius is decreased, the transmit power is reduced, and H-NOMA becomes less

energy efficient.

Finally, the energy consumption of H-NOMA and other methods in a smaller cell
(with a radius equal to Ry) is given for Case B in Figure 3.8. It is shown that H-NOMA
outperforms OMA for a smaller part of D,/D; and converges to NOMA when D; = D,.
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Figure 3.6. Energy consumption comparison of a pair for Case B in a larger cell.
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Figure 3.7. Energy consumption comparison of a pair for Case A in a smaller cell.
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Figure 3.8. Energy consumption comparison of a pair for case B in a smaller cell.

3.4.2. Assessment of the H-NOMA Method for the Multi-user Scenario

In this sub-section, the H-NOMA method is compared to the OMA and NOMA
methods for multiple users, where the optimal EXS algorithm performs the sub-channel
allocation. The energy consumption comparison of H-NOMA to other multiplexing
methods from the literature in a larger cell scenario is given in Figure 3.9. H-NOMA
outperforms NOMA and OMA by up to 9% and 16%, respectively. Additionally,
NOMA outperforms OMA by a 7% margin when the cell radius is large.

The energy consumption comparison of H-NOMA to other multiplexing methods
from the literature in a smaller cell scenario is given in Figure 3.10. In this scenario,
H-NOMA outperforms NOMA and OMA again by up to 11% and 13%, respectively.
The energy consumption difference between H-NOMA and OMA is smaller because
H-NOMA consumes more constant circuit power, as stated earlier. Moreover, the
performance of OMA is significantly improved when the cell radius is decreased since
it consumes the least amount of constant circuit power. OMA consumes less energy

than NOMA if the number of users are larger than 25 for a smaller cell radius.



Figure 3.9. Energy consumption of multiplexing methods in a larger cell.
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3.4.3. Effects of Imperfect CSI on H-NOMA

The analyzed H-NOMA, NOMA, and OMA methods rely on CSI to determine
the power and/or time allocations. The effects of imperfect CSI are analyzed in this
sub-section by considering a bounded error for the CSI similar to the model in [88].
We utilize the worst-case robust approach as described in [88] and allocate powers to
ensure that the required data rates are satisfied even with the worst case of the bounded

error. The bounded CSI error is set to 10%.

The energy consumption comparison of H-NOMA to other multiplexing methods
from the literature with perfect and imperfect CSI is given in Figure 3.11. At seen from
the figure, all methods are affected from the CSI imperfection, with 9% for H-NOMA,
10% for NOMA, and 11% for OMA. Therefore, we can deduce that H-NOMA performs

better compared to other methods in the literature with imperfect CSI.

4
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n
3
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Figure 3.11. Energy consumption of multiplexing methods with imperfect CSI.
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3.4.4. Assessment of the Sub-channel Allocation Algorithms

The energy consumption comparison of different SCA algorithms with the optimal
H-NOMA method is given in Figure 3.12. As stated in Section 3.3, B-TES, TES,
TH, and 2ES algorithms have O(N?®) complexity, and the optimal EXS algorithm
has O(NY) complexity. The figure shows that B-TES, TES, and TH significantly
outperform the 2ES algorithm used in the literature [9, 35, 38].

4
5.5 X 10 T T T T T T T T T
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Figure 3.12. Energy consumption comparison of different SCA methods.

The energy consumption comparison of EXS, B-TES, and TES algorithms with
the optimal H-NOMA method is given in Figure 3.13. The B-TES algorithm outper-
forms the TES algorithm [40] for all scenarios, and the difference increases up to 1%
as the number of users is increased. Additionally, the results show that the B-TES
algorithm performs very close to the optimal EXS algorithm. The energy consumption

difference between B-TES and EXS is less than or equal to 3 % in this simulation.
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Figure 3.13. Energy consumption comparison of B-TES to TES and EXS.

3.4.5. Investigation of the Total Energy Conservation

In this section, the total energy conservation of a base station is studied by setting
the average downlink throughput to 1 Gbps which is the expected load of a 5G base
station [89]. The sub-channel allocation per pair is increased to 2.88 MHz, and the

number of users is set to 64 to support the high throughput scenario.

We compare the proposed methods’ energy consumption reduction to Turkey’s
annual household electricity consumption. The average annual electricity consumption
of a residential building in Turkey is estimated as 2000 kWh [90]. Utilizing the number
of base stations given in [91] and the projection model in [92], the number of base

stations in Turkey can be estimated as 300000 at the beginning of 2023.

The energy conservation values by utilizing H-NOMA compared to other methods
from the literature are given in Table 3.3. The yearly conserved energy by H-NOMA
is 5 and 2.5 times the average annual electricity consumption of a single household

compared to OMA and H-NOMA. Considering all base stations in Turkey, the total
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energy saving by applying H-NOMA is roughly equal to the consumption of 1500000
and 750000 households compared to OMA and NOMA.

Table 3.3. Energy conservation of a base station by H-NOMA.

Daily Yearly
H-NOMA vs OMA | 29.5kWh | 10782.1 kWh
H-NOMA vs NOMA | 14.1kWh | 5171.9kWh

The energy conservation values by utilizing B-TES compared to other methods
from the literature are given in Table 3.4. The yearly energy saving by B-TES is 11 and
0.8 times the average annual electricity consumption of a single household compared to
2ES and TES, respectively. The total reduction in the consumed energy by utilizing B-
TES is roughly equal to the consumption of 3300000 and 240000 households compared
to 2ES and TES.

Table 3.4. Energy conservation of a base station by B-TES.

Daily Yearly
B-TES vs 2ES | 63.4kWh | 23142.2kWh
B-TES vs TES | 4.6kWh | 1680.2kWh

3.5. Concluding Remarks

In this chapter, we analyzed the resource allocation problem for H-NOMA in the
downlink. First, we solved the optimization problem for a single H-NOMA pair in the
downlink, focusing on energy efficiency while considering the circuit power consumption
in the receiving users. We determined the optimal power and time allocation for H-
NOMA of a single pair. Then, we extended the scenario to multiple users by utilizing
OFDMA and SCA algorithms. We introduced the B-TES algorithm to solve the SCA
problem with low complexity. Afterward, we showed that H-NOMA outperforms OMA
and NOMA methods for both single-user and multi-user test cases. We demonstrated

that the B-TES algorithm outperforms the existing 2ES and TES algorithms in the
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literature. Furthermore, we showed that the B-TES algorithm performs very close
(3%) to the highly complex EXS algorithm. The proposed algorithms can be utilized
to reduce the energy consumption in downlink NOMA scenarios where users have

heterogeneous latency and data transfer requirements.
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4. DISTRIBUTED DOWNLINK RESOURCE
ALLOCATION FOR HETNETS

In this chapter, we analyze the distributed resource allocation problem for down-
link HetNets. We first describe the considered system model. Afterward, the MEIM
algorithm is introduced to solve the sub-channel allocation problem. Then, the MP-
XPC and the MP-XPCE algorithms for power allocation are presented and studied
thoroughly. Later, the performance of the proposed algorithms is compared with the

methods from the literature.

4.1. System Model

In this work, we analyze a network with one macrocell and Ng — 1 picocell base
stations, where the base stations are inter-connected with backhaul links. Each base
station serves Ny users by utilizing a single sub-channel per user in the downlink with
Ng sub-channels. The users in the same cell are assigned to separate resource blocks
in OFDMA; therefore, intra-cell interference is prevented. Still, inter-cell interference
shall be considered for the utilized resource blocks. In Figure 4.1, an example multi-
user network with one macrocell, five picocells, and two users per base station is given.
In the diagram, the backhaul links are shown as solid lines, and the wireless links are

shown as dashed lines.

The SINR of the received signal by user [ on sub-channel & in cell ¢ is given by

o Pl
T N Y
nf + Zj:Bl hf}p?
4.1
0, ifi=j (4.1)

Kl

hij = gt
. otherwise,
g

i1

where 7 is the SINR of user [ on sub-channel k in cell 4, p¥ is the transmit power of the
base station in cell i on sub-channel k, and n} is the normalized thermal noise power.

gfjl and hf} are the channel gain and the normalized interference channel gain between
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the receive antenna of user [ in cell ¢ and the transmit antenna of the base station in

cell 7 on sub-channel k.

~—.
~-
-
~~~~~
~——
....
~—

Figure 4.1. An example network with one macrocell and five picocells.

The Signal to Interference-Noise Exponential Ratio (SINX), which is utilized in

the proposed power control algorithms, can be defined as

i =i ()"

Np (4.2)
2 =nkq th}pﬁ,
j=1

where z¥ is the target SINX of user [ on sub-channel & in cell 7, z¥ is the normalized
interference-noise power of user [ on sub-channel k£ in cell 7, and a is the exponential

parameter of the normalized interference.

In the proposed power control algorithms, the base stations share their SINX
values to reach a consensus value. The connectivity between the base stations can be
analyzed with the help of graph theory, where the graph’s vertices are base stations,
and the graph’s edges are the backhaul links between the base stations. The degree of

a vertex is the number of incident edges to the vertex. The set of vertices and edges
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for the unweighted undirected graph in Figure 4.1 can be given as

V= {Uly V2, U3, U4, Us, Uﬁ}a

E = {(v1,v2), (v1,03), (v2,03), (v3, v4), (va,v5), (va, v6), (s, v6) }- .
The Laplacian matrix of the undirected graph can be defined as [93]
deg(v). 0=
Lij = -1, else if (v;,v;) € El| (vj,v;) € E, (4.4)
0, otherwise,

\

where deg(v;) is the degree of vertex i. The Laplacian matrix of the graph in (4.3) can

be given by

2 -1 -1 0 0 O
-1 2 -1 0 0 O
-1 -1 3 -1 0 0

0o 0 -1 -1 3 -1

0o o0 0 -1 2 -1

o o0 0 -1 -1 2

which is always positive semi-definite for an undirected graph. The Laplacian matrix
has a simple zero eigenvalue if the graph is connected, and a consensus can only be

achieved if the Laplacian matrix has a simple zero eigenvalue [94].

Base stations in 4G and 5G systems transmit cell-specific reference signals (CS-
RS) with a constant power that depends on the cell size. Each user can estimate the
signal power, the interference power, and the noise power by utilizing the CS-RS [95].
We assume that each user periodically sends the measured power levels to its serving
base station. We define effective interference as the ratio of the interference power
to the signal power for the CS-RS. The effective interference of user [ in cell 7 on
sub-channel k& can be expressed as
JE 21 9D

i Kl
93 Di
where p; and p; are the transmit power of the CS-RS for the analyzed base station

(4.6)
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and the interfering base stations, respectively. Each base station can determine the
effective interference per user by dividing the interference power by the signal power

based on the received power levels.
4.2. Proposed Sub-Channel Allocation Algorithm

This section studies the downlink sub-channel allocation problem in two-tier Het-
Nets that utilize OFDMA. We propose the MEIM algorithm for the sub-channel allo-
cation problem, which reduces the maximum effective interference in the network in a
distributed fashion without any dependence on the transmit power allocation for the
users. The effective interference in cell ¢ on sub-channel k£ can be expressed in terms
of channel gains and sub-channel allocation as
Ny ki
vE=Y == g, (4.7)
— Jii Pi oy

where ¢} are the entries of the two-dimensional sub-channel assignment matrix ®;.

In the downlink direction, the channel gain values between a user and a neigh-
bor base station do not depend on the sub-channel allocation in the neighbor cell.
Therefore, the effective interference value of a cell is independent of neighbor cells,
and minimizing the maximum effective interference in each cell and the whole network
are equivalent. Therefore, we can define an independent assignment problem for each
base station and solve the problem in a distributed fashion. The optimization problem

to minimize the maximum effective interference on the sub-channels in cell 7 can be

defined as

Nu gl
. 7 kl

ngin max Z M Zgijpjv (4.8a)
=1 7% j#i

s.t. o e {0,1} VI, (4.8b)
> ¢t =1, Vk, (4.8¢)

l

d el =1, Vi, (4.8d)

k
where constraint (4.8b) states that the sub-channel allocation matrix is binary. Con-
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straints (4.8c) and (4.8d) express that each sub-channel of a base station is assigned
to a single user, and each user is allocated a single sub-channel of a base station. The
maximization operation selects the sub-channel with the maximum effective interfer-
ence, and the minimization operation minimizes the effective interference value of the
sub-channel with maximum effective interference. This problem can be classified as
a linear bottleneck assignment problem (LBAP) [96]. In the LBAP, the objective is
to minimize the maximum cost induced by a single agent. Different algorithms are
available in the literature to solve the LBAP optimally [96]. In this article, we utilize
the Gabow-Tarjan (GT) algorithm, which solves the problem optimally and has the

complexity of O(N?y/Nlog N) [97].

The effective interference value per sub-channel is required at the base stations
to form the LBAP. As stated in Section 4.1, the effective interference that each user
experiences can be derived by estimating the signal power and the interference power
from the CS-RS. This work assumes that users convey the estimated power values to
their serving base stations. The execution steps for the MEIM algorithm are given in
Figure 4.2. Periodically, all the base stations run the MEIM algorithm in parallel to

minimize the maximum interference when there are changes in the network.

The MEIM algorithm starts with all the base stations transmitting CS-RS in
parallel (Step 1). All the base stations in the HetNet transmit CS-RS for the users to
determine the downlink channel gain between the serving base station and themselves
(Step 2). The users determine the relevant signal and interference power from the CS-
RS and send it to their serving base stations (Steps 3-6). Each base station calculates
the effective interference values for all the users it serves by utilizing (4.7) (Steps 7-9).
Then, each base station constructs the LBAP as in (4.8) and finds the optimal solution
of the LBAP (Steps 10-11).
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1: for all base stations (in parallel) do

2:  The base station transmits CS-RS.

3:  for all users (in parallel) do

4: The user estimates the signal power and the interference power.

5: The user reports the estimated values to its serving base station.

6: end for

7. for all users served by the base station do

8: The base station calculates the effective interference for all
sub-channels using (4.7).

9:  end for

10:  The base station constructs the LBAP as in (4.8).

11:  The base station finds the optimal solution to the LBAP (&;) and

allocates sub-channels to users accordingly.

12: end for

Figure 4.2. MEIM algorithm.

The complexity of the MEIM algorithm per base station can be calculated by
determining the number of operations to construct and solve the LBAP. The complexity
of creating the LBAP is O(N?) since there are Ny * N effective interference values to
be calculated, and the complexity of solving the LBAP is O(N?y/Nlog N). Thus, the
total complexity of the MEIM algorithm is bounded by O(N?y/Nlog N).

Theorem 4.1. The MEIM algorithm assigns users to sub-channels to minimize the

maximum effective interference in the network.

Proof. Utilizing the MEIM algorithm, each base station constructs an LBAP in (4.8)
and solves the LBAP optimally [96]. Therefore, the resulting sub-channel allocation
of the MEIM algorithm is the optimal solution per base station. As we have indicated
in this section, the effective interference in a cell does not depend on the sub-channel
allocation in other cells. Therefore, the MEIM algorithm minimizes the maximum
effective interference in the network by solving the LBAP for each cell independently.

]
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Remark 4.2. Theorem 4.1 shows that the MEIM minimizes the mazimum effective
interference by using the available CS-RS in a single step. This is a significant im-
provement to the sub-channel algorithms in the literature [59,69], which require multiple

iterations combined with power assignment.

4.3. Proposed Power Control Algorithm

In this section, we focus on the power allocation problem in the HetNets. We
assume that the sub-channel allocation is done beforehand, and the power allocation
algorithm is run per sub-channel independently. There is no interference between sub-
channels since OFDMA prevents intra-cell interference. We propose two algorithms to
increase the total throughput in the network by assigning higher power to the users

with favorable channel conditions.
4.3.1. The MP-XPC Algorithm

In the MP-XPC algorithm, all the base stations share their SINX values and
converge to a common SINX target, where the definition of SINX is given in (4.2).
The interval of the a value is selected as € [—1,0) throughout this work. The value
of a determines the trade-off between fairness and throughput, shown in Section 4.4.
The MP-XPC algorithm does not consider a € [0,00) and a € (—oo, —1) regions due
to the severe decline in fairness, and the degradation in throughput, respectively. The
MP-XPC algorithm does not require pre-defined targets because the SINX targets are
determined in a distributed fashion by message passing. After each iteration, the base
stations exchange their SINX values with neighbor base stations via the backhaul links.
Then, the target SINX for the user on sub-channel k£ in cell ¢ is calculated from the

average of the received neighbor SINX values as
1
KT 4y k
JEN;
where N; is the number of neighbor base stations of cell i, 2% (¢) is the target SINX of

the user in cell i, and z¥(t) is the SINX value of the user in cell j.
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The power update formula for MP-XPC can be expressed as

kT

& . i (t)
ph(t) = =51 = Sy 0, (4.10)

where x7 () is updated at each iteration by (4.9). It is apparent from the power update

formula that the system converges once all the users reach their SINX targets. The

MP-XPC algorithm is shown in Figure 4.3. The algorithm is always active to ensure

that the system can dynamically respond to the changes in the network. However, the

power values are no longer updated after convergence.

1:

2:

3:

4:

10:

11:

12:

13:

14:

15:

16:

17:

All base stations set their transmit power to a random initial value per
sub-channel.
for all active sub-channels do
for all base stations in parallel do
The base station transmits to the users with the set transmit power.
for all users in a cell in parallel do
The user estimates the received signal power.
The user estimates the interference-noise power.
The user reports the estimated values to its serving base station.
end for
for all users served by the base station do
The base station calculates the SINX value by (4.2).
The base station exchanges the SINX value with the neighbor base
stations.
The base station calculates the target SINX value by (4.9).
The base station updates the transmit power value by (4.10).
end for
end for

end for

Figure 4.3. MP-XPC algorithm.

The MP-XPC algorithm starts with all the base stations initializing their transmit

power to users with a random value (Step 1). The algorithm is executed per sub-channel
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(Steps 2-17). Each base station transmits to the users with the transmit power set
initially or in the previous iteration (Step 4). Each user calculates the received signal
power (§¥) as a by-product of channel estimation and estimates the interference-noise
power ¥ by subtracting the received signal power from the total received power (Steps
6-7). Then each user sends the estimated values to the serving base station (Step
8). Afterward, the serving base station utilizes the information it receives from its
connected user on the sub-channel to determine the SINX values. First, the channel

gain value for each user g is estimated as

gh="2 (4.11)

utilizing the known transmit power value and the estimated received signal power.

From these values, the normalized interference-noise power can be estimated as

~k
=L (4.12)

1

(2

and the SINX value can be calculated as p¥ (ék)a (Step 11). Finally, the base stations
exchange the SINX value with each other, and update their target SINX and transmit
power values (Steps 12-14).

4.3.2. The MP-XPCE Algorithm

In HetNets, multiple small cells work in the cell radius of a single macrocell base
station. The MP-XPC algorithm can be extended by setting an SINR target to the
macrocell user, which we refer to as MP-XPCE. For the system to be feasible, the
upper bound of the SINR target is the scenario where the small cell transmit powers

are set to zero, which is given by

pk
Yo S = (4.13)

where v*T" and 4"V are the target SINR and the upper bound of the SINR of the
macrocell user on sub-channel k. pF is the transmit power of the macrocell on sub-
channel k, and nF, is the noise power at the receiver of the user served on sub-channel

k by the macrocell.
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The SINX target of the macrocell user is calculated as follows

(a+1)
T () =7 * (2 (D) (4.14)
where 2% (t) is the normalized interference-noise power and the relation follows from

the definitions of SINR and SINX in (4.1) and (4.2), respectively. To ensure that the
rest of the network is not affected by the constant macrocell SINX target z*7(¢), the
macrocell base station sends a modified SINX value to its neighbors. To determine
the modified SINX value, first, the ratio of the average SINX value of neighbors of the

macrocell to the macrocell SINX target is calculated as follows

. ﬁ ZjeNm a:é“(t)

kp)y = 4.15
(1) = Pl (1.15)
where of (t) is the ratio of the macrocell SINX target to the average SINX value of

the neighbor cells of the macrocell, N,, is the number of neighbor base stations of the
macrocell, and x? (t) is the SINX value of the user in cell j. Then, at each iteration the

modified SINX value of the macrocell is evaluated as

oMM (1) = 2k (H)ak (t). (4.16)

Due to the modifications to the macrocell SINX target value in (4.14) and the macrocell
SINX value in (4.16), the power update formula for MP-XPCE differs for the macrocell
and picocells that are neighbors of the macrocell. The macrocell power update formula

is given by

ph(t) = = (1 = 0ok (o), (4.17)

where 257 (1) is the required SINX value to reach the SINR target of the macrocell. For

m

the picocells that are neighbors of the macrocell, the power update formula is

. kT (t)

() = —B(1 = 2 )phe 4.18

A0 = =51~ ko (4.18)
where 257 (¢) is updated with the neighbor values as follows

kT _ 1 kM k
(1) = N <xm O+ Y xj(t)>. (4.19)

JEN;,j#mM

For other picocells the original power update equation in (4.10) is valid.
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4.3.3. Convergence Analysis of MP-XPC

In this sub-section, the convergence analysis of the MP-XPC algorithm is pre-

sented. First we define the normalized Interference-Noise exponent e;(t), which is

ei(t) = (z:()" (4.20)
where the sub-channel index k is dropped for simplicity. Then, the power update

equation of the MP-XPC algorithm can be expressed in vector form as
p(t) = —BaEa ™" (t)LE4(t)p(1), (4.21)

N N

where Bq = diag[%] , Eq(t) = diag [ei(t)] , and L is the symmetric Laplacian
ili=1 i=1

matrix of the base station connectivity graph. The power update algorithm can be

converted to a simpler form by utilizing (4.2) and (4.20)
p(t) = —BaEa ' (t)Lx(t), (4.22)

which converges if and only if Lx(t) = 0, since Bq and E4 ™' (#) are positive semi-definite

diagonal matrices.

Lemma 4.3. If a scalar function V(p(t)) satisfies the following conditions

o V(p(t)) is lower-bounded,
o V(p(t)) is negative semi-definite,

o V(p(t)) is is uniformly continuous in time,

then limy_,oo V(p(t)) = 0 by Barbalat’s Lemma [98].

Theorem 4.4. The MP-XPC' algorithm converges to a stable solution where all users
have equal SINX values.

Proof. The Lyapunov-like function V(p(t)) that corresponds to the total power con-

sumption can be expressed as

V(p(t) = 1"p(t), (4.23)

which satisfies V(p(t)) > 0, since the power allocation cannot be negative.
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The derivative of the Lyapunov-like function can be given by
V(p(t) = —1"BaLs(t)p(1),
Ls(t) = Eq ' (t)LEq(t),

(4.24)

which is negative semi-definite, since By is a positive definite diagonal matrix, Lg(t) is
the similar matrix to the positive semi-definite Laplacian matrix L. The third condition
of the Barbalat’s Lemma is satisfied when the second derivative of the Lyapunov-like

function is bounded [98]. The second derivative is
V(p(t)) = 1"BaLs(t)BaLs(t)p(t) — 1"BaLs(t)p(t), (4.25)
where the first part of the equation is bounded, since Bq, Eq(t), Eq '(t) and L are
bounded. The second part of the equation is bounded if I:S(t) is also bounded. The
derivative of Lg(t) is given by
L(t) = Eq ' (t)LEa(t) + Eq~'(t)LEq(1), (4.26)
which is bounded if Ed'_l(t) and Eq(t) are bounded. Further analysis can be done

element by element for these diagonal matrices. The derivatives of e;(t) and e#(t) and

can expressed as

Np (a—1) NB
é(t) =a ( > hipy(t) + nz> D hupi(t),
P =1

(J0>_28’

where both derivatives are bounded, since p;(t), p;(t) and a are bounded, and eZ(t) > 0.

(4.27)

Therefore, utilizing Lemma 4.3, we can deduce that lim;_,., V (p(t)) = 0. Since B4 and
Eq(t) are diagonal matrices with positive entries, we can state that lim; ., Lx(t) =0
by utilizing (4.24). Since the Laplacian matrix has a simple eigenvalue at zero with
the all-ones vector as the eigenvector, we can deduce that all users have equal SINX

values when the algorithm converges. O

Remark 4.5. Theorem 4.4 states that the MP-XPC' algorithm converges to a solution
where the users have equal SINX wvalues. On the other hand, the SINR wvalues of the
users differ, which depend on the channel conditions, and the experienced interference

power.
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Corollary 4.6. The SINR values of the users after convergence are

*

Yi(t) = & —
<ni N Z;‘le hz‘jpj(t>>( +1) (4.28)

where x* is the final SINX value after convergence.

Proof. The derivation follows from the definition of SINR in (4.1), and the definition
of SINX in (4.2). O

Remark 4.7. Corollary 4.6 gives the SINR values of different users after convergence.
It can be seen from (4.28) that the users with higher effective interference values experi-

ence lower SINR, whereas the users with lower effective interference experience higher

SINR when a > —1.

4.3.4. Convergence Analysis of MP-XPCE

In this sub-section, the convergence analysis of the MP-XPCE algorithm is given.
The power update equation of the MP-XPCE algorithm in vector form is given by

p(t) = —BaEq ' (H)LAq(t)x(1), (4.29)

where Aq4(t) = diag [al} , and the values of the diagonal elements are
1

ok (t), ifi=m,

1, otherwise,
in other words, the matrix Aq(t) is a diagonal matrix with all the entries set to

one, except for the macrocell related entry. The algorithm converges if and only if

LA4(t)x(t) = 0, since B4 and E4 ' (¢) are positive semi-definite diagonal matrices.

Theorem 4.8. The MP-XPCE algorithm converges to a stable solution where all pic-

ocell users have equal SINX values, and the macrocell user reaches the SINR target.

Proof. The Lyapunov-like function V(p(t)) that corresponds to the total power con-

sumption can be defined depending on the power allocation as

V(p(t)) = 1"p(t), (4.31)
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which satisfies the first condition of the Barbalat’s Lemma, V(p(t)) > 0, since the

power allocation cannot be negative. The derivative of the Lyapunov-like function is
V(p(t)) = —1"BaEa~ ' (t)LEa(t) Aa(t)p(1), (4.32)
which is negative semi-definite and satisfies the second condition of Barbalat’s Lemma,
since Bq is a positive definite diagonal matrix, Aq(t) is a positive definite diagonal ma-
trix, Eq~'(t)LEq(t) is the similar matrix Lg(¢) to the positive semi-definite Laplacian

matrix L, which is bounded. The second derivative of V(p(t)) can be determined by
V(p(1)) = b7 (Lu(t)Aa()B(r) — La(t) Ka(p(1) ~ Lu(D)Aa(p(h) . (4.33)

where b? is the vector of % values and is bounded. The first term in parenthesis is

Ls(t)Aa(t)BaLs(t)Aa(t)p(t), (4.34)

which is bounded, since Lg(t) and Aq4(t) are bounded. The second term in parenthesis
is bounded if Ag4(t) is bounded. From the definition of Aq(t) in (4.30) it can be
deduced that all the elements of Ad(t) is equal to zero, except for the diagonal term

that corresponds to the macrocell. The derivative of the macrocell related term is

e S e~ (4.35)

em(t) a JENR em(t) a

A (1) =

which is bounded, since e;(t), €;(t), p;(t), and p;(t) are bounded for all values i. The
third term in the parenthesis is bounded if Lg(t) is also bounded as shown previ-
ously in the convergence analysis of MP-XPC. Akin to the proof of Theorem 4.4, by
utilizing Lemma 4.3, we can deduce that lim,_. V(p(t)) = 0. We can show that
limy 0o LAG(t)x(t) = 0 from (4.32) because Bq and Eq4(t) are diagonal matrices with
positive entries. Since the Laplacian matrix has a simple eigenvalue at zero with the

all-ones vector as the eigenvector, we can deduce that all elements of the Aq(t)x(?)

vector are equal to the SINX value of the picocells after convergence (7). From (4.17),

kT
m

SINR value of v*T, O

the SINX value of the macrocell can be calculated as z (t), which corresponds to the
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Remark 4.9. Theorem 4.8 states that the MP-XPC' algorithm converges to a solution
where all the picocell users have equal SINX values, and the macrocell user reaches a
SINX wvalue that corresponds to the target macrocell SINR value. The SINR values of
the users differ depending on the channel conditions and the experienced interference

power.

Corollary 4.10. SINR values of the users after convergence can be expressed as follows

Vi ifi=m,
(t) = y . (4.36)
—1, otherwise,
(ne+3238 hisps (t))( v

where x;, is the converged SINX value of the picocell users.

Proof. The derivation follows from (4.1) and (4.2). O

Remark 4.11. Corollary 4.10 gives the SINR wvalues of different users after conver-
gence. It can be seen from (4.36) that the picocell users with higher effective interference
values experience lower SINR, whereas the picocell users with lower effective interfer-

ence experience higher SINR when a > —1.

4.4. Performance Evaluation

In this section, first, we analyze the performance of the proposed power allocation
algorithms in a single sub-channel scenario. Then, we combine the proposed sub-
channel and power allocation algorithms and assess the performance against the joint
sub-channel and power allocation methods from the literature. Finally, we show the

convergence behavior of the studied methods.

This section analyzes scenarios where a cluster of picocells is deployed within the
macrocell. A multi-user scenario with twenty-one picocells and one macrocell, where
each base station serves two users, is given in Figure 4.4. The base stations and users
are denoted by squares and triangles, respectively. The macrocell and the macrocell

users are in green, and the picocells and the picocell users are in red.
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Figure 4.4. Example multi-user scenario with 21 picocells and 1 macrocell.

The simulation parameters are given in Table 4.1, where Pl is the maximum
transmit power of the macrocell base station, PA* is the maximum transmit power
of the picocell base station, PL* is the CS-RS transmit power of the macrocell base
station, PZ7 is the CS-RS transmit power of the picocell base station, Ry, is the
macrocell radius, and Rp is the picocell radius. Ny is the noise floor, f. is the carrier
frequency, G is the base station antenna gain, ~, is the path loss exponent, and og is

the standard deviation of shadowing.

4.4.1. Exponential Parameter Selection for MP-XPC

In this sub-section, we evaluate different values of a for the MP-XPC algorithm
when each cell serves a single user. The average throughput (R,,) and the JFI with
respect to the throughput of users served by fifteen picocells for different a values of
the MP-XPC algorithm are given in Figure 4.5. When a = —1, all users converge to
the same SINR value and equal throughput, corresponding to a JFI of 1. The fairness
decreases as the a value increases since larger a values correspond to higher power

assignments to the users with better channel conditions, boosting the SINR variance.
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Table 4.1. Simulation parameters.

Symbol Parameter Value
Ry Macrocell radius 2000m
Rp Picocell radius 200m

PIM | Macrocell maximum transmit power | 46 dBm
pEM Picocell maximum transmit power 26 dBm

PLES Macrocell CS-RS transmit power 43dBm

PLES Picocell CS-RS transmit power 23dBm
Ny Receiver noise floor —116dBm
fe Carrier frequency 800 M H=z
G Transmit antenna gain 18dB
YL Path loss exponent 3
o Shadowing loss standard deviation 6dB

The scenario with twenty-one picocells is shown in Figure 4.6, which performs
similarly to the scenario with sixteen cells. For both scenarios, a = —0.5 is a good
candidate for the exponential configuration parameter because it results in acceptable
fairness (JFI > 80%) and significantly higher throughput than total fairness at a =
—1.

4.4.2. Single Sub-channel Scenario

The MP-XPC algorithm with a = —0.5 is compared to the CBPA algorithm for
fifteen and twenty-one picocells and one macrocell in Table 4.2, respectively. As can be
seen from the table, the average throughput of the MP-XPC algorithm is significantly
higher than the average of the CBPA algorithm from [55]. This difference is expected
since the MP-XPC algorithm allocates higher power values to the users with better
channel conditions. On the other hand, the MP-XPC algorithm is not as fair as the

CBPA algorithm. The table shows the reduction in fairness as around 15%.
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MP-XPC Algorithm in a 15-picocell Scenario

Fairness vs a
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Figure 4.5. MP-XPC algorithm with different a values in a 15-picocell scenario.
Table 4.2. Assessment of MP-XPC without macrocell SINR target.

15 picocells | 21 picocells
JF1 | R, | JFI | R,
MP-XPC | 0.84 | 299 | 0.86 | 3.10

CBPA 1 1.79 1 1.91

The MP-XPCE algorithm with a = —0.5 is compared to the CBPA-M [56] and
LQP [54] algorithms for fifteen and twenty-one picocells and one macrocell in Table 4.3,
respectively. Since the macrocell has a target SINR in this scenario, the fairness is
calculated only for the picocells. As can be seen from the table, the average throughput
of the MP-XPC algorithm is significantly higher than the CBPA-M and LQP algorithms
from the literature. This difference is expected since the MP-XPCE algorithm allocates
higher power values to the users with better channel conditions. Similar to the MP-
XPC algorithm, the MP-XPCE algorithm is not as fair as its counterparts, shown in
the table. Moreover, the macrocell SINR target (/) is satisfied with MP-XPCE and
LQP but not with CBPA-M.
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MP-XPC Algorithm in a 21-picocell Scenario
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Figure 4.6. MP-XPC algorithm with different a values in a 21-picocell scenario.
Table 4.3. Assessment of MP-XPCE with 15 dB macrocell SINR target.

15 picocells 21 picocells
JFI | R, YMm JFIL | R, Ym
MP-XPCE | 0.75 | 224 | 15dB | 0.73 | 2.04 | 15dB
CBPA-M 1 |135|132dB| 1 |1.13|0.31dB
LQP 1 | 1.25| 15dB 1 1098 | 15dB

4.4.3. Multi Sub-channel Scenario

In this sub-section, we combine the MEIM algorithm with the MP-XPC and
MP-XPCE algorithms and refer to these methods as JRA and JRAE, respectively. We
assess the performance of the JRA and the JRAE methods against the existing resource
allocation methods in the literature. The behavior of these algorithms are tabulated
depending on their fairness and throughput. Afterward, the convergence behavior of

these algorithms are presented.
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The JRA method is compared to the CBPA algorithm [55], and the JFPUA
method [59] for twenty-five cells with three users and five users per cell in Table 4.4.
Since the CBPA algorithm only focuses on power allocation, we utilize the MEIM
algorithm to handle the sub-channel allocation. In the table, AJFI corresponds to the
average fairness values of the users that use the same sub-channel, TJFI corresponds to
the fairness of all users, and R,, corresponds to the average throughput of the network.
It is evident from the tables that when JRA is utilized, the total throughput is increased
significantly with a minor loss in fairness compared to the existing algorithms in the
literature.

Table 4.4. JRA assessment without macrocell SINR target in a 21 cell scenario.

3 users per cell 5 users per cell
AJFI | TJFI | R, | AJFI | TJFI | R,,

JRA 0.88 | 0.87 | 3.42 | 090 | 0.89 | 3.82
CBPA 1 0.96 | 2.29 1 0.97 | 2.77
JFPUA 1 1 1.84 1 1 2.17

In Figure 4.7 and Figure 4.8, the convergence behavior of the power allocation of
the JRA method is compared to JFPUA and CBPA in a network with nine cells and
two users per cell. All eighteen users converge to the same SINR value (y = 4.17dB)
for the JFPUA method, which is expected by design [59]. The users on the same sub-
channel converge to the same SINR value for the CBPA method, (v, = 7.61dB) and
(72 = 4.17dB). On the other hand, for the JRA method, all users converge to different
SINR values depending on their channel conditions. The mean values of the final SINR
reached by the JRA method are 13.97dB and 7.46 dB on sub-channels one and two,
respectively. These results also show that JRA significantly outperforms JFPUA and
CBPA regarding average SINR.
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The JRAE method is compared to the LQP algorithm [54], and the CBPA-M
algorithm [56] for twenty-five cells with three users and five users per cell in Table 4.5.
Since the LQP and the CBPA-M algorithms only focus on power allocation, we utilize
the MEIM algorithm to handle the sub-channel allocation. In the table, AJFI corre-
sponds to the average fairness values of the users that use the same sub-channel, R,,
corresponds to the average throughput of the network, and v,; corresponds to the av-
erage macrocell SINR value. It is evident from the tables that when JRAE is utilized,
the total throughput is increased significantly with a minor loss in fairness compared

to the existing algorithms in the literature.

Table 4.5. JRAE assessment with 15 dB macrocell SINR target in a 21 cell scenario.

3 users per cell 5 users per cell
AJFI | R, | v | AJFI| R, Y™

JRAE 087 | 3.19|15dB | 090 | 3.61 | 15dB

LQP 1 217 | 15 dB 1 2.66 | 15 dB
CBPA-M 1 235 | 5dB 1 277 | 761 dB

In Figure 4.9 and Figure 4.10, the convergence behavior of the power allocation
of the JRA method is compared to LQP and CBPA-M in a network with nine cells
and two users per cell. The users on the same sub-channel converge to the same SINR
value for the CBPA-M method, (v, = 8.54dB) and (y2 = 4.62dB), and the macrocell
SINR target is not satisfied. On the other hand, for the JRAE and LQP methods, the
macrocell SINR target is reached. The picocell users on the same sub-channel converge
to the same SINR value for the LQP method, (y; = 7.71dB) and (v = 4.51dB). For
the JRAE method, all picocell users converge to different SINR values depending on
their channel conditions. The mean values of the final SINR reached by the picocell
users for the JRAE method are 9.19dB and 7.00dB on sub-channels one and two,
respectively. These results also show that JRAE significantly outperforms LQP and
CBPA-M regarding average SINR.
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4.5. Concluding Remarks

In this chapter, we studied the distributed resource allocation problem for Het-
Nets. We first proposed a distributed sub-channel allocation algorithm independent
of the network’s power allocation, which aims to minimize the maximum effective in-
terference in the system. Then, we introduced the MP-XPC algorithm that allocates
powers to the users that utilize the same sub-channel in a distributed fashion. The
MP-XPC algorithm does not require pre-defined feasible SINR targets for the users
and always converges to a viable solution. We extended the MP-XPC algorithm for
scenarios where the macrocell has an SINR target, and referred to it as the MP-XPCE

algorithm.

Furthermore, we showed that the MP-XPC and the MP-XPCE algorithms im-
prove the throughput significantly compared to the available target-free power alloca-
tion algorithms in the literature. Finally, we introduced the JRA and JRAE methods,
which utilize the MEIM algorithm for sub-channel allocation and the MP-XPC and
the MP-XPCE algorithms for power allocation, respectively. We presented that these
methods increase the throughput with a slight reduction in fairness compared to the
existing target-free frequency and power allocation algorithms in the literature. The
proposed methods can be utilized to improve the total throughput of the system in a

distributed fashion.
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5. CONCLUSION

This research is focused on the resource allocation problem for next-generation
networks. We have worked on resource allocation algorithms for three different scenar-

10s.

First, we have investigated the uplink H-NOMA MEC offloading resource allo-
cation problem. We have given an optimal solution to the power and time allocation
problem with non-ideal circuit power consumption. We have proposed a low complex-
ity TES algorithm for the sub-channel allocation problem that outperforms the widely
used 2ES algorithm. We have had two major contributions to this topic in this research.
The first one is the optimal SH-NOMA method that outperforms the existing NOMA
and H-NOMA methods in the literature for heterogeneous latency and data transfer
requirements, different channel conditions, and non-ideal circuit power. The second
contribution is the TES algorithm, which outperforms the 2ES algorithm regarding

energy efficiency with no additional complexity.

Then, we have applied the same methodology to the downlink H-NOMA multi-
plexing scenario. We have given the optimal power and time allocation to the down-
link communication which is different than the uplink due to the interference relations.
We have further improved our sub-channel allocation algorithm, and proposed the
B-TES algorithm. We have had two major findings in his topic. The first is the H-
NOMA method for downlink, which is the first downlink H-NOMA application for
users with heterogeneous latency and data transfer requirements in the infinite block-
length regime. The second contribution is the B-TES algorithm, which outperforms
the 2ES algorithm, and the TES algorithm that we proposed in the uplink H-NOMA

research.

Afterward, we have switched to the distributed downlink resource allocation for

HetNets. We have proposed a sub-channel allocation method that depends on the
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measured interference power on a sub-channel instead of the full CSI. Then, we have
introduced the MP-XPC algorithm which is a target-free distributed algorithm that
works without the full CSI. Afterward, we have extended the MP-XPC algorithm for
the special scenario where the macrocell user has an SINR target. We have drawn three
important conclusions out of this research topic. The first one is the MEIM algorithm,
which is a low complexity sub-channel allocation algorithm that does not require full
CSI. The second result is the MP-XPC and the MP-XPCE algorithms, which improve
the throughput performance of the existing target-free algorithms significantly. The
final improvement is the JRA method, which performs joint power and sub-channel

allocation in a distributed fashion.

The performance of the proposed H-NOMA algorithms can be enhanced with
D2D relaying. Both half-duplex and full-duplex relaying mechanisms can be analyzed
to improve energy efficiency and throughput. An extension of the distributed resource
allocation problem for HetNets can also be studied by allowing full-duplex transmission

for small cell base stations. We have left these items as future work.

To sum up, the proposed resource allocation methods can be utilized to increase
the efficiency of the next generation networks by utilizing NOMA, Hybrid NOMA,
MEC Offloading, and Heterogeneous Networks.
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