RESOURCE ALLOCATION FOR VEHICULAR COMMUNICATIONS

A Dissertation
Presented to
The Academic Faculty

By

Le Liang

In Partial Ful llment
of the Requirements for the Degree
Doctor of Philosophy in the
School of Electrical and Computer Engineering

Georgia Institute of Technology

December 2018

Copyright ¢ Le Liang 2018



RESOURCE ALLOCATION FOR VEHICULAR COMMUNICATIONS

Approved by:

Dr. Geoffrey Ye Li, Advisor

School of Electrical and Computer
Engineering

Georgia Institute of Technology

Dr. Gordon L. Stuber

School of Electrical and Computer
Engineering

Georgia Institute of Technology

Dr. Xiaoli Ma

School of Electrical and Computer
Engineering

Georgia Institute of Technology

Dr. Mary Ann Weitnauer

School of Electrical and Computer
Engineering

Georgia Institute of Technology

Dr. Xingxing Yu

School of Mathematics
Georgia Institute of Technology

Date Approved: November 1, 2018



To my family



ACKNOWLEDGEMENTS

| wish to thank a number of people for making my experience B.®. student at
Georgia Tech as exciting and rewarding as it is. ForemosbpileMike to thank my advisor
Professor Geoffrey Ye Li for his continual guidance and supthroughout my research
and study in the past three years. My sincere thanks alsoBmfessor Gordon L. Stuber,
Professor Xiaoli Ma, Professor Mary Ann Weitnauer and Fssde Xingxing Yu for serv-
ing on my dissertation committee. My understanding of masyies central to vehicular
communications has been substantially deepened thanksfiesBor Gordon L. Stuber's
course on mobile communications and Professor Justin R@ysbeurse on advanced
digital signal processing. Thanks are also due to them.

| am deeply indebted to my friends and roommates, Xiaoyu Svenbo Ding, and
Hao Ye for many stimulating discussions and much fun durvegtime we spent together.
| also wish to express my heartfelt gratitude to all membérsuo research group, from
whom | have learned a lot. In particular, | would like to tha@kn Lin, Yinsheng Liu,
Qingging Wu, Yinjun Liu, Yunlong Cai, Deli Qiao, Rui Yin, Ygtao Ma, Chongtao Guo,
Peihao Dong, Ziyi Chen, and Ziyan He for many inspiring destans. | am grateful to the
collaboration on graph theory with Shijie Xie and Professigxing Yu from the School
of Mathematics. It is such an intriguing experience to havadamic discussions with
“sciency” and respectable people like them.

Finally, | express my heartfelt gratitude to all my frient®th inside and outside of
Georgia Tech, whose friendship makes my three years in #&tlanforgettable. This dis-
sertation is dedicated to my family whose support and lowe laways been a source of
courage and con dence for me.

| acknowledge the National Science Foundation and Intep@mation for providing

nancial support for my Ph.D. study.



TABLE OF CONTENTS

Acknowledgments . . . . . . .. \Y
Listof Tables . . . . . . . . . . . e Vil
Listof Figures . . . . . . . . e X
Chapter 1: Introduction . . . . . . . . . . . . . e 1
1.1 Literature Review and Motivation . . . .. .. ... .. ... ..... 3
1.1.1 Cellular and IEEE 802.11p Based Technologies for V2X... . . 3
1.1.2 Resource Management for Traditional D2D Commurooati. . . . 4
1.1.3 Resource Allocation for D2D-Based Vehicular Commations . . 5
1.1.4 Graph-Based Resource Allocation . . . . .. .. ......... 6
1.1.5 Motivation. . . . . . . . .. 7
1.2 OverviewofThesis . . . .. . .. . . .. . . . 8
Chapter 2: Resource Allocation with Large-Scale FadingCSL . . . . .. .. .. 11
2.1 SystemModel . . . .. ... 11
2.2 Sum CUE Capacity MaximizationDesign . . . . . ... .. ... ... 14
2.2.1 Power Allocation for Single CUE-DUE Pairs . . . . .. .. .. 16
2.2.2 Pair Matching for All Vehicles . . . . ... ... ......... 20



2.3 Minimum CUE Capacity Maximization Design . . . . .. .. .. ...
2.3.1 Resource AllocationDesign . . . . . .. ... ... ...,

2.4 Simulation Results . . . . . . . . ..

25 Summary ... e e

Chapter 3: Spectrum and Power Allocation with Delayed CSI Fedback . . . . .
3.1 SystemModel . ... ... ... ...
3.2 Robust Resource Allocation Design

3.2.1 Power Allocation for Single I-UE and V-UE Pairs . . . . . . ..

3.2.2 Pair Matching for All Vehicles . . . . .. .. ... ........

3.3 SimulationResults . . . . . . . ...

3.4 SUMMaAry . . . . e e e

Chapter 4: Graph-Based Resource Allocation with Multiple V2V Sharing . . . .
41 SystemModel . . .. ...
4.2 Spectrum Allocation and Power Control . . . . . . ... ... .....

4.2.1 Baseline Graph-Based Resource Allocation . . . ... . ...

4.2.2 Greedy Resource Allocation . . . . ... ... ... ......

4.2.3 Randomized Resource Allocation . . . .. .. .. ... ....

4.3 Resource Allocation with Slow Fading CSI
4.4 SimulationResults . . . ... .. L

4.5 SUMMAIY . . . . o e e e e e e

Chapter 5: Resource Allocation with Multi-Agent Reinforcement Learning . . .

Vi

42

45

/7 4



51 SystemModel . . . .. ... 84

5.2 Multi-Agent RL Based Resource Allocation . . . . .. ... ...... 86
5.2.1 ReinforcementLearning . ... .. ... ... .. ......... 86
5.2.2 Multi-Agent Reinforcement Learning . . . . . . ... ... .. 89
5.2.3 Resource Sharing with Multi-AgentRL . . . . . ... ... ... 90
5.3 SimulationResults . . . . . ... . 59
5.4 Summary ... e e 98
Chapter 6: Conclusion . . . . . . . . . . . . . . . 99
References . . . . . . . . 1Q7
Vita . . . e 107

Vii



2.1

2.2

2.3

2.4

3.1

3.2

3.3

4.1

4.2

4.3

4.4

4.5

4.6

4.7

4.8

LIST OF TABLES

Optimal Resource Allocation Algorithm for (2.5) in D2BErabled Vehicu-
lar Communications . . . . . . . ... 24

Optimal Resource Allocation Algorithm for (2.20) in DZEhabled Vehic-

ular Communications . . . . . . ... 27
Simulation Parameters [10,47] . . . . . . . . . . . ... ..o 28
Channel Models for V2l and V2V Links [10] . . . . .. .. .. .. .. 28

Optimal Resource Allocation Algorithm for (3.5) in D2BErabled Vehicu-

lar Communications . . . . . . . ... 46
Simulation Parameters [10,47] . . . . . . . . . . . ... ..o a7
Channel Models for V2l and V2V Links [10] . . . . .. .. .. .. .. 47
A Summary of Channel Symbol Notation . . . .. ... ........ 54
Heuristic Algorithm for MAXN-CUT [31,51] . . .. .. .. ... .... 58
Weighted 3-Dimensional Matching Algorithm [56] . ... .. .. ... 66
Local Ratio Algorithm [56] . . . . . . . . . . .. ... .. .. ... . ... 66
Baseline Graph-based Resource Allocation. . . . . ... . ... ... 69
Greedy Resource Allocation . . . . .. .. ... ... ... .. ... .. 70
Randomized Resource Allocation. . . . . . .. ... ... ... ... 71
Resource Allocation with Slow FadingCSI . . . ... ......... 73

viii



4.9 Simulation Parameters [10,47] . . . . . . . . ..o e 75

4.10 Channel Models for V2l and V2V Links[10] . . .. .. .. ... ... 75
5.1 Simulation Parameters [10,47] . . . . . . . . . . . L . 95
5.2 Channel Models for V2l and V2V Links[10] . . . ... ... ... .. 96



11

2.1

2.2

2.3

2.4

2.5

2.6

2.7

3.1

3.2

3.3

3.4

4.1

LIST OF FIGURES

An illustrative structure of vehicular networks. HDghtde nition; AR:
augmented reality; VR: virtual reality; BSM: basic safetgssage. . . . . . 2

D2D-enabled vehicular communications for both V2| aty\finks. . . . 12

Two cases of feasible regions for (2.6) depending on dgnmudes oP S,

andPl . . . 18
Capacity performance of CUEs with varying DUE outagebphulity po,
assumingPd = PS.,=23dBm. . .. ... ... ... 29
CDF of instantaneous system performance with Rayleidim§;, assuming

Pd . = P&, =23 dBm, and targeted outage probabilty=0:01 . . . . . 31
Capacity performance of CUEs with varying vehicle speed the high-

way, assumin®d = PSo. - o . 33
Capacity performance of CUEs with varying DUE SINR thad §, as-
SUMINGPA = PC o e 35
Capacity performance of CUEs with varying number of DU&ssuming

PA = PSyandM =40.. . . ... ... 36
D2D-enabled vehicular communications. . . . . . ... .. ...... ... 39
A sample feasible region depiction. . . . . .. ... ... .. ...... 45
Sum capacity of I-UEs with varying feedback period. . . . . ... ... 48
CDF of an arbitrary V-UE's SINR under Rayleigh fadinghwit = 1 ms

and different targeted outage probabilits . . . . . . . ... ... ... 49
D2D-based vehicular communications. . . . . .. ... ... ...... .. 52



4.2

4.3

4.4

4.5

4.6

4.7

4.8

5.1

5.2

5.3

5.4

5.5

Graph representation for interfering links. . . . . .. .......... 57
Graph representation for spectrum sharing among V2vawllinks. . . . 63

CDF of instantaneous sum V2| capacity with RayleighrigcindPg_ =
P =23dBM. . . . . . 77
CDF of instantaneous SINR of V2V links with Rayleigh fagliPg_, =

¢ «=23 dBm, SINR threshold§ = 5 dB, and targeted outage probabil-

max

ity po=0:01 . . . . . . e 77
Sum V2I capacity with increasing iterations of randagdizlustering, as-
sumingPd,, = Py =23dBmM. . . ... 78
Sum V2I capacity with varying vehicle speedassuming?d_ = PS.,. .. 79

Sum V2| capacity with varying number of V2V links, assngP_ =

Prax@ndM =10. . . . . . ... oo 80
An illustrative structure of vehicular networks. . . . . . . .. ... ... 83
The agent-environment interaction in a reinforcemeatring problem. . . 87

The agent-environment interaction in a multi-agentfeecement learning
problem. . . . . . . 89

Sum capacity performance of V2I links with varying V2Wpead sizes. . . 97

V2V payload transmission success probability with wagyayload sizes. . 98

Xi



SUMMARY

The emerging vehicular communications are expected toleralwhole new set of
services and hold signi cant potential in making our daikperience on wheels safer and
more convenient. Judicious resource allocation desigerifral to mitigating interference,
optimizing resource utilization, and unleashing the fudtgntials of vehicular communi-
cations. This thesis aims to develop ef cient and effectigource allocation schemes to
meet the diverse quality-of-service requirements of udaiccommunications while taking
into account the strong dynamics in vehicular environments

Speci cally, we study the spectrum and power allocationbpem in device-to-device
(D2D)-enabled vehicular networks. We design low-compieaigorithms to maximize the
capacity of vehicle-to-infrastructure (V2I) links whilaigranteeing the reliability of each
vehicle-to-vehicle (V2V) link, evaluated in terms of ougggrobabilities, using only slowly
varying large-scale fading information or delayed rapitlyying small-scale fading infor-
mation from periodic feedback. To further improve spectmutitization, we investigate
the case where each V2I link shares spectrum with multiple \izks and exploit graph
theoretic tools to develop high performance approximadigorithms to support exible
spectrum sharing in vehicular communications. For easeeahi-)distributed resource
management, we exploit recent results in multi-agent oeggiment learning to develop a
learning-based resource allocation algorithm for velsicalgents. Resource sharing de-
cisions are made based on a mix of slowly-varying globaldasgale channel information
and fast-varying local observations. The four proposeésas, including both centralized
and semi-distributed designs with varying complexityfpenance tradeoffs, constitute a

comprehensive study of the resource allocation problenelmoular communications.



CHAPTER 1
INTRODUCTION

Wireless networks that support high mobility broadbandeaschave received more and
more attention from both industry and academia in recentyda?2, 3, 4, 5, 6]. In particu-
lar, the concept of connected vehicles or vehicular compatiins, commonly abbreviated
as V2X, has gained substantial momentum to bring a new léwgmectivity to vehicles
and, along with novel onboard computing and sensing tecgnes, serve as a key enabler
of intelligent transportation systems (ITS) and smaresifi7]. This new generation of net-
works will ultimately have a profound impact on the societaking everyday traveling
safer, greener, and more ef cient and comfortable.

To coordinate efforts of different stakeholders in veracutommunications, several
sets of standards have been developed across the globéeyeast decade, e.g., dedicated
short-range communications (DSRC) standards in the US@) 8S-G5 standards devel-
oped by the European Telecommunications Standards les(ET Sl) [9]. Both standards
are based on the IEEE 802.11p technology, establishingthmlation for communications
in vehicular ad hoc networks. More recently, the 3rd Gemand®artnership Project (3GP-
P) has been looking to support V2X services in long-termuiah (LTE) [10] and future
5G cellular networks [11]. Cross-industry consortium,sas the 5G automotive associa-
tion (5GAA), has been founded by leaders from both telecomoation and automotive
industries to push development, testing, and deploymecelaflar V2X technologies.

An illustrative structure of vehicular networks is depttie Fig. 1.1. Onboard infor-
mation and entertainment (infotainment) applications taafic ef ciency services gener-
ally require frequent access to the Internet or remote sefee media streaming, content
sharing, etc., involving considerable amount of data emgba Hence, they are ideally

supported by the high-capacity vehicle-to-infrastruet(v2l) links. Meanwhile, safety-
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Figure 1.1: An illustrative structure of vehicular netwsrkdD: high-de nition; AR: aug-
mented reality; VR: virtual reality; BSM: basic safety mags.

critical information, such as cooperative awareness ngess¢CAMs) and decentralized
environmental noti cation messages (DENM) [3], usuallytals spreading safety related
messages among neighboring vehicles either in a periodicent triggered way. As such,
it is naturally supported by the vehicle-to-vehicle (V2W)Ks, which impose strict relia-
bility and timeliness requirements. For example, the Eeaopunion Mobile and Wireless
Communications Enablers for Twenty-twenty (2020) InfotimaSociety (METIS) project
requires less than 5 ms of end-to-end latency and transmissiiability of 99:999%for
message sizes of about 1600 bytes in such links [12].

Among an array of issues in designing and optimizing velicaktworks, resource
allocation is particularly challenging due to strong utgilag dynamics and the strict and
diverse quality-of-service (QoS) requirements. Thisithasns at designing ef cient re-
source allocation schemes that help bring the full beneftgahicular communication to
fruition while not causing signi cant network overhead.dtesource allocation problem is

approached from different perspectives, with both celzigdland semi-distributed design-



s and varying performance-complexity tradeoffs. The rehai of this chapter provides

necessary background introduction and outlines the darttan of this thesis.

1.1 Literature Review and Motivation

In this section, we introduce the background informatiot meview the state-of-the-art re-
search on resource allocation for vehicular communicati®ve begin with a discussion of
pros and cons of the two major and most relevant technologgyidates, i.e., cellular-based
V2X (C-V2X) and IEEE 802.11p based technologies, for velsicaommunications, and
then review some traditional resource allocation designslévice-to-device (D2D) com-
munications since this thesis mainly deals with D2D-basddoular communications. We
then review studies of resource allocation with speciattreent of unique characteristics
in vehicular communications. Afterwards, an overview oplgmg graph theoretic tool-
s in resource allocation for wireless networks is preseateguch tools are extensively

leveraged in the thesis. Finally, we discuss the major ratitm behind this thesis.

1.1.1 CellularandIEEE 802.11pBasedTechnologiegor V2X

The IEEE 802.11p is an amendment to the IEEE 802.11 standtapited for the ITS
applications and is commonly considered asdtbéactostandard for vehicular networking.
It includes sets of physical (PHY) and medium access co(UalC) layer speci cations
and supports communications among high mobility vehicteslzetween vehicles and the
roadside infrastructure, in the ITS band of 5.9 GHz [13]. ldwer, recent studies [3, 5,
14] show that vehicular communications based on IEEE 8@Rfade several challenges,
such as short-lived V2I connections, potentially unbowuhclgannel access delay, and lack
of QoS guarantee, due to its PHY and MAC layer designs indefitom IEEE 802.11
standards that have been originally optimized for wirelesal area networks with low
mobility.

Recently, 3GPP has also started looking into supporting ¥@iXices in cellular net-



works [5, 6, 10]. Widely deployed cellular networks, assistith direct D2D underlay
communications [3, 15], potentially provide a promisindusion to enable ef cient and
reliable V2V and V2| communications, to meet demanding V2¥uirements and provide
immunity to high mobility due to several intrinsic advangag First, cellular networks ex-
ercise exible centralized control over network resourcasch as fast link adaptation and
dynamic user scheduling, which guarantee optimal netwerfopmance [16]. Second, the
large capacity and proven maturity of cellular networks peovide reliable support for a
wide variety of bandwidth-thirsty applications and alsee®2X implementation . Finally,
the side D2D links, complementing the centralized cellatahitecture, will provide direct
local message dissemination with substantially reducthdg, thus suitable for delay-
sensitive V2V communications [3]. Meanwhile, existencetlad always-on base station
can be bene cial to communications among vehicles througkiding side information to

the V2V links.

1.1.2 ResourceManagementor TraditionalD2D Communications

The D2D communications have been the subject of much reesetirch endeavor [15,
17]. Both spectral and energy ef ciencies of the wirelesswaeks can be substantially im-
proved in D2D-assisted cellular systems by properly haivgshe proximity gain, reuse
gain, and hop gain [15]. D2D users can work in two differentless the reuse mode and
the dedicated mode, where D2D users share the same resaarties cellular users and
occupy dedicated resources, respectively. The dedicabelé s easier to implement since
it causes no interference to the existing cellular userdenthie reuse mode can further
improve the spectral ef ciency. Effective radio resourcamagement strategies need to be
in place to properly coordinate mutual interference betwaslular and D2D users in the
reuse mode. In [18], the transmit power of D2D users has bestnicted such that inter-
ference in icting cellular receivers is controlled wheretB2D transmitter reuses cellular

resources. An interference limited area control schemeébban proposed in [19] to pro-



tect D2D receivers from cellular interference, where D2[@rasare not allowed to share
spectrum with a cellular user located in the interferenoétéid area where the interference-
to-noise ratio at the D2D receiver is above a predetermimesshold. In [20], interference
nulling has been introduced to control interference fromdéllular link to D2D commu-
nications when multiple antennas are installed at the bad®is. The sum rate of both
cellular and D2D users has been maximized with a minimumgaéeantee for the cellular
user in [21] for a network comprising only a single D2D paidansingle cellular user. For
more practical scenarios with multiple cellular and D2Drassepectrum and power allo-
cation design has been considered in [22, 23]. In [22], thB Bansmit power has been
regulated by the base station such that the signal-tofémarce-plus-noise ratio (SINR)
of D2D links is maximized while the interference experiethty the cellular link is kept
at an acceptable level. Moreover, a three-step approachdasproposed in [23] to de-
sign power control and spectrum allocation to maximizeeyshroughput with minimum

SINR guarantee for both cellular and D2D links.

1.1.3 Resourc&llocationfor D2D-BasedvehicularCommunications

Vehicular channels experience fast temporal variationtdwehicle mobility [24]. There-
fore, traditional resource allocation designs for D2D caminations dominated with full
channel state information (CSI) assumptions are no longaicable due to the formidable
signaling overhead to track channel variation on such atgsime scale. Applying D2D
techniques to support vehicular communications thus ntasdarther study on radio re-
source management accounting for fast vehicular chanmielizan.

A feasibility study of D2D for vehicular communications Hasen performed in [7] to
evaluate the applicability of D2D underlay in supportinojo/2V and V2l connections in
cellular networks. It has been shown in [7] that D2D-aidedieelar communications can
outperform the traditional V2V-only mode, the V2I-only nedr the V2V overlay mode

in terms of achievable transmission rates. In [25], a h&ariscation dependent uplink



resource allocation scheme has been proposed for D2D talisrimvehicular networks,
which features spatial resource reuse with no explicit ireguent on full CSI and, as a
result, signi cantly reduces signaling overhead. A franogdvcomprising vehicle group-
ing, reuse channel selection, and power control has beataped in [26] to maximize the
sum rate or minimally achievable rate of V2V links while rasing the aggregate inter-
ference to the uplink cellular transmission. A series of@imations have been applied
to the power control problem to reduce the requirement o3&l and the dependence on
centralized control as well as the computational compjyexkit [27], latency and reliability
requirements of V2V communications have been transformigdoptimization constraints
computable using large-scale fading information only. Ainsic algorithm has been de-
veloped to address the proposed radio resource manageptignization problem, which
adapts to the large-scale fading of vehicular channels, pathloss and shadowing that
vary on a slow time scale. Similar system setups have bednefuconsidered in [28],
where multiple resource blocks are allowed to be shared nigt lmetween cellular and
D2D users but also among different D2D-capable vehicle§2%, power control based
on channel inversion using pathloss information and D2D erselection based on biased
channel quality have been proposed to enable vehicular @2Drainications in cellular
networks. Two representative performance metrics, SINfagriprobability and network

throughput, have been analyzed in the established theakr&timework.

1.1.4 Graph-BasedResourcellocation

As an effective tool to address problems of discrete naire;h theory has long been ex-
ploited for resource allocation design in wireless netwothterference management using
graph coloring algorithms has been explored in [30] for meéil orthogonal frequency di-
vision multiplexing access (OFDMA) networks with dynamiadtional frequency reuse.
More sophisticated two-phase intercell interference rganmeent has been further studied

in [31] through transforming the original problem into a MAXCUT problem in graph



theory. To optimize the sum or average utility [32, 23], thengarian algorithm can help
nd a maximum matching for D2D and cognitive radio networkespectively. For fairness
consideration, the preference of diverse user groups cacdminted for according to the
concept of stable matching [33]. Ef cient algorithms, swhthe Gale-Shapley (GS) algo-
rithm [34], have been used to nd a stable channel accessisolwith polynomial com-
plexity for cognitive radio systems [35]. Two truncateddéamatching algorithms have
been further proposed in [36] to improve resource allocatidustness to CSl variation. In
addition, the joint problem of path selection and powercatmn for decode-and-forward
relay systems has been studied in [37], where the minimunceeaelay-destination link
rate has been maximized.

A local search method for 3-dimensional matching has beepgsed in [38] to maxi-
mize the throughput of non-safety vehicle users while Baiig the QoS requirements of
cellular users and safety vehicle users. For hypergrapbmmat and weighted hypergraph
matching problems, it has been shown in [39] that the inteégigap of the standard linear
programming relaxation of the problems is exadtly 1 + % for k-uniform hypergraphs,
and is exactlyk 1 for k-partite hypergraphs. Moreover, for the weightedniform hy-
pergraphs matching problem and any xed 0,a (k 1+ )-approximation algorithm
has been presented in [40](5‘?—1) + )-approximation algorithm has been proposed in
[41], and a("”T1 + )-approximation algorithm has been presented in [42]. Tlaggeox-
imation algorithms perform local search and obtain sohgio polynomial time. Local
search is a heuristic method for solving computationallydhaptimization problems that
always moves from one state to another by applying local gésuintil convergence to a

local optimum or when a time bound is reached.

1.1.5 Motivation

Resource allocation is key to the success of vehicular m&syespecially in view of their

diverse QoS requirements and the strong underlying dyrsamicehicular environments.



Traditional contention-based spectrum access desigriskE 802.11p cannot be direct-
ly applied to cellular-based vehicular communication egst. While the D2D technolo-
gy promises to improve the suitability of cellular netwofks vehicular communications
through enabling direct data exchange between vehiclesda avray of issues still re-
main. In terms of resource allocation, the vast majority @DBbased communications has
been dominated with full CSI assumption, which is hard, ifingpossible, to meet in high
mobility vehicular environments. Moreover, cellular conmications with D2D underlay
normally treat the direct communications between devisesegondary whereas cellular
links are assigned highest priority. This causes problemelnicular networks as the V2V
links, deemed a good t for D2D communications, are mainigpensible for disseminat-
ing safety-critical information. They typically requirégier reliability and are strictly less
delay tolerant. At the very least, V2V links should be trélatéth equal (normally higher)
priority when performing system level resource allocation

In the very few exceptions that propose specialized treatrioe vehicular communi-
cations under the D2D-based architecture, inadequatehearbeen taken with respect to
the unique vehicular channel fading as well as the speci&l @quirements. For example,
in [25, 27, 28], the channel small-scale fading effects atally ignored in the capacity
evaluation and hence it will not re ect the real capacityfpenance of the networks. As
a result, the developed resource allocation schemes aesaligrsuboptimal. In response
to these issues, we are motivated to conduct a comprehearsivgystematic investigation
into the resource allocation problem of vehicular commatians that factor in the unique
characteristics of the system, reveal fundamental pedaoo® limits, and develop ef cient

solutions with varying performance-complexity tradeoffs

1.2 Overview of Thesis

This thesis studies resource allocation for vehicular comigations and in particular,

we focus on the D2D-based network architecture, where VaI\&2\V transmissions are



supported by cellular and D2D links, respectively. Threetiadized resource allocation
schemes are developed in Chapters 2-4 and one semi-disttibesign is proposed in
Chapter 5 to meet the diverse QoS requirements of vehicalanwnications while con-
sidering the underlying vehicular dynamics.

In Chapter 2, we perform spectrum sharing and power allocdtased only on slowly
varying large-scale fading information of wireless chdanBursuant to differing require-
ments for different types of links, i.e., high capacity fo2Minks and ultra reliability for
V2V links, we maximize the ergodic capacity of V2I conneagavhile ensuring reliabil-
ity guarantee for each V2V link. Sum ergodic capacity of alllMnks is rst taken as
the optimization objective to maximize the overall V21 littktoughput. Minimum ergodic
capacity maximization is then considered to provide a marf®um capacity performance
across all V2l links. Novel algorithms that yield optimasoairce allocation and are robust
to channel variations are proposed.

In Chapter 3, we begin with the observation that CSI at the lséation is critical to
resource allocation design for wireless networks, butlitaed to obtain accurate CSl in a
high mobility vehicular environment. We study the spectiamd power allocation problem
in D2D-enabled vehicular networks, where CSI of vehiculakg is reported to the BS
periodically with inevitable delay. We maximize the sunuinghput of all V21 links while
guaranteeing the reliability of each V2V link with the ded¢alyCSI feedback. We propose
a low-complexity algorithm to nd the optimal spectrum simay strategy among V21 and
V2V links and properly adjust their transmit powers.

In Chapter 4, we consider the generic case when each V2l liakes spectrum with
multiple V2V links and the spectrum is not assumed to be gigasd to V2I links. Lever-
aging the slow fading statistical CSI of mobile links, we nmaize the sum V2l capacity
while guaranteeing the reliability of all V2V links. We useagh partitioning tools to di-
vide highly interfering V2V links into different clusterselore formulating the spectrum

sharing problem as a weighted 3-dimensional matching problWe propose a suite of



algorithms, including a baseline graph-based resouroeatibn algorithm, a greedy re-
source allocation algorithm, and a randomized resourceation algorithm, to address
the performance-complexity tradeoffs. We further invgestie resource allocation adaption
in response to slow fading CSI of all vehicular links and depea low-complexity ran-
domized algorithm.

Chapter 5 continues the study of spectrum sharing in vedricowtworks, yet from a
semi-distributed perspective. We model the resource fpaleésign as a multi-agent re-
inforcement learning (RL) problem, which is then solvedngsa ngerprint-based deep
Q-network method. The V2V links, each acting as an agentectlely interact with
the vehicular environment, receive distinctive obseoraiyet a common reward, and then
improve policy design through updating their Q-networkdwgained experiences. Prelim-
inary experiments demonstrate desirable performanceegbtbposed resource allocation
scheme based on multi-agent RL in terms of both V2| capaat\&V payload transmis-
sion success probability.

Finally in Chapter 6, we summarize key points in the thests make concluding re-

marks.
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CHAPTER 2
RESOURCE ALLOCATION WITH LARGE-SCALE FADING CSI

In this chapter, we propose to support vehicular commuioisatunder the device-to-device
(D2D)-enabled cellular architecture where the vehicknfoastructure (V2I) connectivity
is enabled by macro cellular link and the vehicle-to-veh{®2V) connectivity is support-
ed through localized D2D links. We base resource manageomesiow fading parameters
and statistical information of the channel instead of intaeous channel state informa-
tion (CSI) to address the challenges caused by the inatlitsack fast changing wireless
channels. Moreover, we identify and incorporate into peabformulation differentiated
quality-of-service (QoS) requirements for V21 and V2V Igik correspondence with their
supported applications. That is, high link capacity is dasifor V21 connections while
safety-critical information of V2V connections places aper emphasis on link reliability.
Sum and minimum ergodic capacities (long-term averagefagéfading) of V2I links are
maximized with a minimum QoS guarantee for V21 and V2V linkdere the V2V link
reliability is ensured by maintaining the outage prob&piif received SINR below a small
threshold.

The rest of the chapter is organized as follows. The systegdemsintroduced in Sec-
tion 2.1. Section 2.2 considers the sum V2| capacity maxation design with minimum
QoS guarantee for V21 and V2V connections, whereas Sectbaddresses the resource
allocation problem to maximize the minimum V2| capacity. ngmuter simulation results

are presented in Section 2.4 and concluding remarks aréy nede in Section 2.5.

2.1 System Model

Consider a D2D-enabled vehicular communications netwookvs in Fig. 2.1, where there

existM vehicles requiring high-capacity V21 communications, akexdl as CUEs (cellular
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Figure 2.1: D2D-enabled vehicular communications for Béehand V2V links.

users), anK pairs of vehicles doing local V2V data exchange in the fornD@D com-
munications, denoted as DUEs (D2D users). We note that kiths are capable of doing
both V2I and V2V connections simultaneously, implying tRdEs and DUEs might re-
fer to the same vehicle equipped with multiple radios in thiapter. We assume that all
communicating parties in this chapter are equipped witinglsiantenna. Denote the CUE
setadM = f1l; ;Mgandthe DUEsetas = f1, ;Kg. Toimprove spectrum uti-
lization ef ciency, orthogonally allocated uplink speatn of CUEs is reused by the DUEs
since uplink resources are less intensively used and @nterte at the BS is more manage-
able.

The channel power gaih,, s , between CUEN and the BS is assumed to follow

hm;B = gm;B m;B AL m;B = gm;B m;B; (2-1)

wheregns is the small-scale fast fading power component and assumbéd exponen-
tially distributed with unit meanA is the pathloss constarit,,.g is the distance between

themth CUE and the BS, is the decay exponent, ang.g is a log-normal shadow fading

12



random variable with a standard deviation Channelh, between théth D2D pair, in-
terfering channeh,.g from thekth DUE to the BS, and interfering chanrig)., from the
mth CUE to thekth DUE are similarly de ned.

We assume that the large-scale fading components of the@ehae., the path loss and
shadowing of all links, are known at the BS since they are liisdapendent on locations
of users and vary on a slow scale [27]. Such information caadtenated at the BS for
links between CUES/DUEs and BS, i.eys and ., while for links between vehicles,
i.e., xand ny,the parameters will be measured at the DUE receiver andtespto the
BS periodically. Meanwhile, each realization of the fagtifg is unavailable at the BS
since it varies rapidly in a vehicular environment with higbbility, whereas its statistical
characterization is assumed to be known.

To this point, the received signal-to-interference-phasse ratios (SINRSs) at the BS for

themth CUE and at thé&th DUE can be expressed as

c — f%hm;B . (2 2)
" 24 m;Kk Pfhk;B ’ .
k2K
and
Plh
d = p kX 2.3
“ 2+ m;k Pr%hm;k ’ ( . )
m2M

respectively, wher®¢ andP? denote transmit powers of timeth CUE and theékth DUE,

respectively, 2 is the noise power, and is the spectrum allocation indicator with
mk = 1 indicating thekth DUE reuses the spectrum of theth CUE and .« = O

otherwise. The ergodic capacity of theh CUE with the assumption of Gaussian inputs

is then given by

Cn = Eflog,(1+ {)I; (2.4)
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where the expectatidf[ ] is taken over the fast fading distribution.

2.2 Sum CUE Capacity Maximization Design

In this section, we develop a robust spectrum and powerallmt scheme to improve the
vehicular communications performance while taking intooamt the unique characteristics
of D2D-enabled vehicular networks. The proposed schemerdigpsolely on the slowly
varying large-scale channel parameters and only needs tpdeted every few hundred
milliseconds, thus signi cantly reducing the signalingeohieads than if directly applying
traditional resource allocation schemes in vehicular nets:

Recognizing QoS differentiation for different types ofdg i.e., large capacity for V2I
connections and high reliability for V2V connections, wexinaize the sum ergodic capac-
ity of M CUEs while guaranteeing the minimum reliability for each Un addition, we
set a minimum capacity requirement for each CUE as well teigeoa minimum guaran-
teed QoS for them. The reliability of DUESs is guaranteedulgiocontrolling the probabili-
ty of outage events, where its received SINRs below a predetermined thresholl The
ergodic capacity of CUEs is computed through the long-teremage over the fast fading,
which implies the codeword length spans several cohere@geds over the time scale of
slow fading [43]. It should be noted that how close the syspenflormance can approach
the ergodic capacity ultimately depends on the temporé&tian of the vehicular channels
as well as the tolerable delay. Faster variation inducesrbannel states within a giv-
en period, which makes the system performance approaclothputed ergodic capacity
quicker as the codeword needs to traverse most, if not ahrél states to average out the
fading effects. To this end, the radio resource allocati@blem in vehicular networks is

formulated as
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X

max Eflog,(1+ )] (2.5)
f mk 9
fPr%g;fkpkdg mzMm
st: Eflog,(1+ ;)] r58m2M (2.5a)
Pf ¢ d9 po;8k2K (2.5b)
0 Py, Pr,.8m2M (2.5c)
0 P P.8k2K (2.5d)
X
mk 1 mk 2f0;10;8k 2 K (2.5e)
m2M
X
mk L mk 2f0;10;8m2 M ; (2.5f)

k2K

wherer§ is the minimum capacity requirement of the data rate intenGUEs and § is the
minimum SINR needed by the DUES to establish a reliable lRvkg evaluates the proba-
bility of the input andp is the tolerable outage probability at the physical layehefV2V
links. Pg

¢ .andPd_ are the maximum transmit powers of the CUE and DUE, respalytiv

Constraints (2.5a) and (2.5b) represent the minimum cgpaod reliability requirements
for each CUE and DUE, respectively. (2.5¢) and (2.5d) enthatthe transmit powers of
CUEs and DUEs cannot go beyond their maximum limit. (2.5€)@mbf) mathematically
model our assumption that the spectrum of one CUE can onlizdred with a single DUE
and one DUE is only allowed to access the spectrum of a single. T his assumption
reduces the complexity brought by the complicated interfee scenarios in D2D-enabled
vehicular networks and serves as a good starting point ttyshe challenging resource
allocation problem in vehicular networks.

The proposed optimization problem represents a novel flation that factors in the
unique features of time varying channels of vehicular comigcations as well as differ-

entiated QoS requirements for V21 and V2V links. Howeveis ik a highly nonconvex
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optimization problem due to its combinatorial nature arel¢bmplicated objective func-
tion. We attempt to approach the optimization problem b)) two steps inspired by
[23]. First, we exploit the separability of power allocatiand spectrum reuse pattern de-
sign by noting that interference exists only within each CDBE reuse pair as dictated by
the constraints (2.5e) and (2.5f). Focusing on each paitd#-OUE, we study its optimal
power allocation to maximize the ergodic capacity of the GAdeh reliability guaranteed
for the DUE. Second, we check the feasibility of each CUE-DpdiE against the minimum
capacity requirement for the CUE, rule out infeasible par&l construct a bipartite graph
to nd the optimal spectrum sharing pattern between these®JEs and DUES using the
Hungarian method [33]. We note that the proposed approalthead to the globally opti-
mal solution to the resource allocation problem in (2.5¢siit can jointly nd the optimal
spectrum sharing pattern between CUEs and DUEs among aibp@eptions and yield

the best power control strategy for each reuse pair in anesftovay.

2.2.1 PowerAllocationfor SingleCUE-DUE Pairs

In this part, we study the optimal power allocation for eaosgible DUE and CUE reuse
pair. Given an arbitrary spectrum reuse pattern, e.g kthé®UE sharing the band of the

mth CUE, the power allocation problem for the single CUE-DU jis simpli ed into

F[Q%E[IOQZ(H m)] (2.6)
st: Pf ¢ 99 po (2.6a)
0 PE PS. (2.6b)
0o P P2 (2.6¢)

where the minimum capacity constraint for the CUE is templyréeft out and would be
accounted for in the next step.

We evaluate the reliability constraint for tkéh DUE in the following lemma, and then
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visually depict the feasible regions of the simpli ed siaglair power optimization problem

described above.

Lemma 1. The reliability constraint for thekth DUE, i.e. (2.6a) in the proposed single
pair power allocation problem iif2.6), can be expressed as

0 1

d 2
0
d

Pd Be "«
PSS @ =1 P : 2.7
" g m;k E\l Po “ @)

Proof. Given an arbitrary reuse pattern, e.gsx = 1, and substituting the channel model

(2.1) in (2.6a), we derive the reliability constraint as

Pf ¢ §g
_ Prn P¢ ko o°
2+ Pncw m;k gm;k 0
Z 1 Z g( 24 Pr% mk 9mk )
Pd K
e dgm’k k e (gk+gm;k )dgk
0 0
d 2
d o Py
P (e "k
=1 k! Po; (2.8)

Pl? Kkt gPr% m;k

where we have assumed tlggtandgy,.x are independent and identically distributed (i.i.d.)
exponential random variables with unit mean. Rearrandiegdrms from the last inequal-

ity completes the proof. O

ConsideringPy; 0 and from (2.7), we obtain the zero-crossing point by setting

f Pd =0ad

d 2
d — 0 d

pi= 0 _—pd_ . 2.9
k kln(l pO) k;min ( )

It can be observed from (2.7) thiat P is monotonically increasing with respect to the

1The other zero-crossing poiﬁ];j =0 isirrelevant here.
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Figure 2.2: Two cases of feasible regions for (2.6) dependmthe magnitudes d?;_,
andPd_..

DUE power,PZ, in the range of P& ;+1 . This observation makes intuitive sense as
an increase of the DUE power would lead to a higher interfganargin, implying the
DUE is more tolerable to interference from the CUE.

With the closed-form expression for reliability constigip.6a) given in Lemma 1, the
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feasible regions of (2.6) are plotted in Fig. 2.2, whef,,, = f P2, andPd . =

f 2(PS.). Note thatPd ., can be obtained through bisection search over the function
f (), which is a monotonically increasing function in the randgenterest. As shown in
the gure, the feasible regions are classi ed into two cadepending on the magnitudes

of PE,,andPd .. We now derive the optimal solution to (2.6) in the followitigeorem.

Theorem 1. The optimal power allocation solution to optimization plein (2.6) is given

by
Pn = min( P Pdma):
and

P

~a

= MIN( Paag Pomay: (2.10)

Proof. Assuming thatg,s andgg.s arei.i.d. exponential random variables with unit mean,
the ergodic capacityCmk (PS; PY), of themth CUE in (2.6) when sharing the spectrum

with thekth DUE can be written as

Crnk (Pr; PC) =Eflogy(1+ 1)

Z
1 1
PS .
= |ng 1+ 5 _:q Pn(;B Gm:e
0 o0 k kBB
e (9mB + kB )dgm;B dgk;B (211)

from which we can easily make the following observations
Wwith xed PJ, the ergodic capacit€« (PS; P) increases monotonically withS ;
With xed P¢, the ergodic capacit¢,« (PS; PY) decreases monotonically wiltf.

These observations lead to the conclusion that the optiohatisn of (2.6) can only reside

at the upper boundary line of the feasible region de nedPy= f PZ from (Pf;mm; 0)
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up to the poin{P2.,; P§ma) for Case I o(Pd . PS.) for Case Ilin Fig. 2.2, by acknowl-
edging the fact thaPS = f PZ is a monotonically increasing function in the range of
(P +1).

What remains is to study the ergodic capa€ityx (PS; PZ) along the upper boundary
line which could be done by substitutii®f, = f P¢ in (2.11). The SINR term¢ is

then given by

P% mg Oms
2+ Pf k;B Ok;:B

0 4 2 1
0
— k m;B gm;B %e P_kd_k 1& . (2 12)
8 mik p_:i *t kBB 1 po

which can be shown to monotonically increase viahin the ranggPZ ;.; +1 ). Hence,
the optimal power of the problem (2.6) is the intersectiomp(P2_,; Pgmad for Case | or
(P8 e PSa for Case II, which can be written in a compact form as in (2.10)

0

Theorem 1 yields the optimal power allocation for a singleEZDUE pair that maxi-
mizes ergodic capacity of the investigated CUE and ensefiebility for its reusing DUE.
As mentioned earlier, interference exists only within eeslise pair and the original re-
source allocation problem in (2.5) to maximize the sum eigodpacity of all CUEs has
been decoupled into two major parts. The rst part deals withoptimal power allocation
for each single pair, which has been given by Theorem 1. T&keiseto perform opti-
mal spectrum reuse pair matching to maximize the sum ergmpacity of CUEs while

respecting all QoS constraints.

2.2.2 PairMatchingfor All Vehicles

To this end, we have obtained the optimal power allocatioretech CUE-DUE pair. In

the next step, we need to eliminate those CUE-DUE combingttbat do not satisfy
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the minimum QoS requirement for the CUE, i.e., (2.5a), evéremwthe optimal allo-
cation scheme obtained from (2.10) is applied. The closeai-fexpression for the er-
godic capacity of themth CUE when sharing spectrum with thkeh DUE, de ned as

Cmk PS;PY =E[log,(1+ ¢&)],is derived in the following lemma.

Lemma 2. The ergodic capacityCnx PS;P¢ , of themth CUE when sharing spectrum

with thekth DUE is given by

Cmx PS;P2
a 1 1 1 1
=~  eiE, = ebE; = 2.13
(a bIn2 ' a ' b (2.13)
c Ry ... . .
wherea = "m_me_ = P <2 andEq(x) = Xl £-dtis the exponential integral function

of the rst order [44].

Proof. The ergodic capacit,« (PS; PY) can be written as

Pn mB Oms
Cok (PSP =E log, 1+ — M MBI
m,k( m k) 92 2 4 Pl? B Oa

aXx ]
1+by

=E log, 1+ (2.14)

where we denotg,s andgeg by X andY, respectively, and de na = Pn_me  and

—_ Pd ; H —_ X - . « .
b= "< Dening Z = opy and assumingy, g andggg are i.i.d. exponential random

variables with unit mean, we have its CDF as

n 0]
aX
Fz (Z) = Pr 1+bY
Z, Z zarvy
= dy e *Vdx

e s : (2.15)

21



Then, we obtain the ergodic capacity of théh CUE as

Cm;képr%; PI?)
1

1
=— In(1+ 2)fz(z)dz
In2ZO
_17'1 F(9
“hz, 11z % (2.16)
Z, z Z, z
= a ©: dz € dz
(@ bhn2 , z+1 0o Z+ 3
a 1 1 1 1
=———— esE; - erE;, — 2.17
@ binz ©-ta Fp (2.17)

where we obtain (2.16) by using integration by parts and7(R2ftllows from [44, E-
g. (3.352.4)].

0

Substituting the optimal power allocation (2.10) in (2.¥®)Ids the maximum ergodic
capacity achieved when theth CUE shares its spectrum with thkéh DUE, denoted as
Chx - Ifitis less tharr§, then this combination cannot meet the minimum capacityiree

ment for the CUE. Therefore, such a CUE-DUE pair is not fdasibd we se€,, = 1

i.e.,
8
2 Coic PSIPS 5 i ok PSIPE T
Chk = 3 (2.18)
-1 otherwise

After evaluating all possible combinations of the CUE-DUdirp, the resource alloca-
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tion problem (2.5) reduces to

X X
[max mik Crik (2.19)
™k 9 mom k2K
S.t: mk 1 mk 2f0;10;8k 2K (2.19a)
m2M
X
mk L mk 2f0;10;8m2 M ; (2.19b)
k2K

which turns out to be a maximum weight bipartite matchindopem and can be ef ciently
solved by the Hungarian method in polynomial time [33].

From the above discussion, our algorithm to nd the optin@uson to the resource
allocation problem in (2.5) for D2D-enabled vehicular coomications can be summa-
rized in Table 2.4 Supposing an accuracy ofis required, the bisection search for the
optimal power allocation of a single CUE-DUE pair as giver(2riL0) requiresog(1=)
iterations. This leads to the total complexity@{KM log(1=)) to compute the optimal
power allocation for all CUE-DUE pairs. The Hungarian metiall solve the pair match-
ing problem inO(M 3) time assumingvi K. Therefore, the total complexity of the

proposed algorithm i® (KM log(1=)+ M?3).

2.3 Minimum CUE Capacity Maximization Design

The sum capacity maximization design considered in Se&idican ensure a high overall
throughput from the network operator's perspective. Haveit tends to be unfair from
each CUE's point of view, especially for those vehicles eipeing bad channel condi-
tions. In such a case, the CUEs with bad channel conditiolh®&sacri ced in exchange
for the overall performance improvement. In this sectioe, will address this issue by

maximizing the minimum capacity among all CUEs so as to mtexd more uniform per-

2There exist possible scenarios rendering the considetadiaption problems infeasible. In such cases,
the BS will report the infeasibility information and theritiate another round of user scheduling. The newly
admitted users will then be serviced under the proposed Rétidrse.
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Table 2.1: Optimal Resource Allocation Algorithm for (2i5) D2D-Enabled Vehicular
Communications

Algorithm 1 Optimal Resource Allocation Algorithm for (2.5)
1: form=1:M do
22 fork=1:K do
3: Obtain the optimal power allocatigiPg ; PZ ) from (2.10) for the single CUE-

DUE pair.
4 SubstitutegPg ; P ) into (2.13) to obtairC, . .
5: if Ch <rg§then
6: Chk =1
7 end if
8: end for
9: end for
10: Use the Hungarian method [33] to nd the optimal reuse patfer,,, g based on
me;k g

11: Return the optimal spectrum reuse patterp,, g and the corresponding power alloca-
tionf (PS ;P8 )g.

formance across all CUEs.

The proposed optimization problem is stated as

max min Eflog, (1+ )] (2.20)

f mko M2M
fP&ofPdg

st: (2:59) (2:50):

From [45] and [46], this max-min optimization problem is garteed to reach the Pare-
to boundary where none of the CUES' ergodic capacity can Ipeawed without degrading
other CUES' ergodic capacity. This is a key concept in moliijective optimization (MOO)
and the max-min formulation in (2.20) is in fact a specialecabthe weighted Chebyshev
objective function with all weights set to one, which is tlaéest choice in converting MOO
to single objective optimization (SOO) while ensuring RPaugptimality [45]. As such, the

solution to the proposed problem can be guaranteed to beoRgremal.
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2.3.1 Resourcéillocation Design

To solve the proposed resource allocation problem in (2\8)make use of the optimal
power control results given in (2.10) for each CUE-DUE paid #he closed-form ergodic
capacity for each CUE derived in (2.13), by acknowledgirag thterference only occurs
within each CUE-DUE pair. Then the original problem in (2.2€ simpli ed into the

following form

X
fnax min mik Crmk (2.21)
' k2K
X
S.t: mk 1 mk 2f0;10;8k 2 K (2.21a)
m2M
X
mk L mk 2f0;,10;8m2 M : (2.21b)

k2K

We further attempt to develop a low-complexity algorithmstave the optimization
problem in (2.21) through exploiting the Hungarian methwtljch has polynomial time
computational complexity. The proposed optimal resouliceation algorithm is listed in
Table 2.2 and comprises two essential parts.

The rst part checks in polynomial time whether an arbitiyagiven number is above

the desired optimal minimum ergodic capacity or not. It @pes as follows.

Initialize an all-zero matri of sizeM K.

Scan each element of the capacity matfi®,,. g, obtained from Algorithm 1 and if
itis less than , set the corresponding entryBfto 1 and leave it a6 otherwise, i.e.,
8m; kK,

8

2 1, ifC < ;

~ 0; otherwise

Apply the Hungarian method t6 and return the lowest total cost, denotedcas
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i.e., the sum of all the assigned elements.c Bquals zero, all elements of such
an assignment are no smaller thgnor equivalently, is less than or equal to the
desired optimal minimum ergodic capacity. Correspondinigic is greater thar,

then there exists no assignment that guarantees that attgigned elements are no

smaller than , i.e., is greater than the desired optimal minimum ergodic capacit

The second part starts with ordering lklM elements of the original capacity matrix,
f Cx 9, and then searches for the position of the optimal minimuyodic capacity using
bisection search based on the checking method derived imsthgart. Finally, the spec-
trum sharing assignment is what the Hungarian method yiglt=n the bisection search
ends.

The major computational burden of the proposed algoritesnil the generation of the
capacity matrixf C ., 9, whose complexity i©O (KM log(1=)), the ordering of all ele-
ments inf C,.,. g whose complexity i© (KM log(KM )), and the bisection search for the
optimal value based on the Hungarian method with complei(i 3logM) if M K.
Then the complexity of Algorithm 2 i® (KM log(1=)+ KM log(KM )+ M3logM).

2.4 Simulation Results

In this section, simulation results are presented to vedittee proposed spectrum and pow-
er allocation algorithms for D2D-enabled vehicular netvgor We follow the simulation
setup for the freeway case detailed in 3GPP TR 36.885 [10hawdkl a multi-lane free-
way that passes through a single cell where the BS is locatési@nter as illustrated in
Fig. 2.1. The vehicles are dropped on the roads accordingaties Poisson process and
the vehicle density is determined by the vehicle speed. Mh€UEs andK DUEs are
randomly chosen among generated vehicles, where DUE paiedways formed between
neighboring vehicles and the CUEs are assumed to have dwuabf the total bandwidth.
The major simulation parameters are listed in Table 2.3 badhannel models for V21 and

V2V links are described in Table 2.4. Note that all paransetee set to the values spec-
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Table 2.2: Optimal Resource Allocation Algorithm for (2)26 D2D-Enabled Vehicular
Communications

Algorithm 2 Optimal Resource Allocation Algorithm for (2.20)
1: Initialize fC,, gandf PS;P¢ gfrom Algorithm 1.
2: Initializei =1 andj = KM .
3: Sort all elements of C,..., g in ascending order and store them in a vegtor
4: while (j i)> 1do

5 I=(i+]))=2

6: F=0u «;

7. form=1:M do
8: fork=1: K do
9 if C < Vi then
10: Fnk =1;
11: else

12: Fm;k =0;
13: end if

14: end for

15:  end for

16:  Apply the Hungarian method [33] to nd the assignment, dexdoasA, and the
lowest total cost, denoted asbased on the matrik.
17: if ¢> Othen

18: j=1

19: else

20: i=1;

21: f k= A;
22:  endif

23: end while
24: Return the optimal spectrum reuse patterp,, g and the corresponding power alloca-
tionf(PS; PY)a.

i ed in Tables 2.3 and 2.4 by default, whereas the settingsach gure take precedence
wherever applicable. The results in each gure are obtafr@d averaging a minimum of
10, 000channel realizations and in particular, Fig. 2.4 is plotteth 1; 000 000 channel
realizations.

Fig. 2.3 demonstrates the sum and minimum ergodic capaafi€UEs achieved by

our proposed algorithms with respect to a genie-aided beadh based on a modi ed
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Table 2.3: Simulation Parameters [10, 47]

Parameter Value
Carrier frequency 2 GHz
Bandwidth 10 MHz
Cell radius 500 m
BS antenna height 25m
BS antenna gain 8 dBi
BS receiver noise gure 5dB
Distance between BS and highway 35m
Vehicle antenna height 15m
Vehicle antenna gain 3 dBi
Vehicle receiver noise gure 9dB
Absolute vehicle speed 70 km/h

Vehicle drop model

spatial Poisson process

Number of lanes

3 in each direction (6 in tot

tal)

Lane width

4m

Vehicle density

Average inter-vehicle dis
tance is 2.5 sec absolute
vehicle speed.

Minimum capacity of DUE 0.5 bps/Hz
SINR threshold for DUE § 5dB
Reliability for DUE pg 0.001
Number of DUEK 20

Number of CUESM 20
Maximum CUE transmit powelP S, 17,23 dBm
Maximum DUE transmit powelP 3, 17,23 dBm
Noise power 2 -114 dBm
Bisection search accuracy 10 °

Table 2.4: Channel Models for V2l and V2V Links [10]

Parameter V2| Link V2V Link

128.1 + 37.60g;pd, din | LOS in WINNER +
Pathloss model Kkm B1 [48]
Shadowing distribution) Log-normal Log-normal
Shqdqwmg standar:l8 dB 3dB
deviation
Fast fading Rayleigh fading Rayleigh fading

traditional D2D resource allocation scheme developed3i®[2vhere accurate knowledge

3The modi cation lies in replacing the original objectiverfction to maximize the sum throughput of both
CUEs and DUEs with the one to maximize the sum throughput dE€thly, and the capacity and reliability
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Figure 2.3: Capacity performance of CUEs with varying DUEagre probabilitypy, as-
sumingPg = P¢ =23 dBm.

max — ' max

constraints are equivalently transformed into SINR rezaients. The same three-step method is then applied
to solve the RRM problem.
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of instantaneous CSI for all links is assumed to be perféettywn at the BS. We note that
in high speed vehicular environments, such full CSI assionps by no means realistic,
but it serves as an ideal reference to benchmark our propdgedthms. It is observed
that both sum and minimum ergodic capacities of CUEs acHiéyeboth Algorithms 1
and 2 get larger if higher outage probability of DUEs is akalv This is due to the fact
that higher acceptable outage of DUEs renders them morabdéeto interference from
CUEs, thus encouraging CUESs to increase their transmit owAs a result, the CUE
capacity grows larger. From Fig. 2.3(a), the performancalgbrithm 1 is well close to
the ideal benchmark scheme in terms of sum capacity at faihyoutage probability, e.g.,
po = 0:1. As for the minimum CUE capacity shown in Fig. 2.3(b), Algbrm 2 shows
superior performance even over the ideal benchmark wheadbeptable outage is a bit
larger than0:001L These are encouraging ndings as the proposed resourceatithn
schemes make use of slowly varying large-scale fading patersionly and update every
few hundred milliseconds. Nonetheless, they can achiederpgance measurably close to
the genie-aided benchmark scheme (or even surpass it ifmamicapacity maximization
is pursued), which requires accurate real-time CSI of akdiand is inapplicable in a
vehicular environment featuring high mobility.

To demonstrate the superiority of our proposed scheme whbnlarge-scale fading
information is available at the BS, we compare in Fig. 2.4i&) cumulative distribution
functions (CDF) of the instantaneous sum CUE capacity aellidy Algorithms 1 and 2
against the SOLEN scheme developed in [27]. To achieve éaimparison, we exploit the
method given in Lemma 1 of [27] to generate an equivalent SiiNBshold expressed in
terms of large-scale fading parameters only. In additio®minimum capacity requirement
in the original problem formulation is not considered asr¢his no convenient way to
convert such a constraint into an equivalent form to be usethe SOLEN scheme. We
observe that the proposed Algorithm 1 achieves strictligheerformance than the SOLEN

scheme of [27] while Algorithm 2 has the worst performancewthe maximum sum CUE

30



1 T
Algorithm 1
09F | — — Algorithm 2
— — —Sunl6

0.8

0.6

0.5f

CDF

0.3

0.1r

0
120 140 160 180 200 220 240
Instantaneous sum CUE capacity (bps/Hz)

(&) Sum ergodic capacity of CUEs.

100 T T T
' —>— Algorithm 1
— G- - Algorithm 2
— — Sunl6

10t F

CDF

102 ¢

1 1 1 1 1

-10 0 10 20 30 40 50
SINR (dB)

(b) SINR of an arbitrary DUE.

Figure 2.4: CDF of instantaneous system performance witfleRgh fading, assuming
Pd = P&, =23 dBm, and targeted outage probabilfy= 0:01

31



capacity is the system metric. This validates the supemofopmance of the proposed
Algorithm 1 in such cases. The reason for the performanaeajalgorithm 1 is twofold.
The rstis that Algorithm 1 takes a rigorous treatment of smeall-scale fading effect when
computing the capacity of V2l links, i.e., calculating thgadic capacity in contrast to
using only large-scale fading parameters to approxima&tedpacity as in [27]. The second
reason is that the approach taken in [27] is not able to aeheaactly the targeted SINR
threshold of V2V links, as illustrated in Fig. 2.4(b), wheae arbitrarily chosen DUE's
instantaneous SINR of SOLEN is found to slightly excéedB (the desired threshold)
at the targeted outage probability @D1 Meanwhile, our proposed Algorithms 1 and 2
achieve exactlyp dB at the outage probability @01 This translates to stricter reliability
requirements of V2V links in SOLEN, thus reducing the febesilegion of power control
parameters and degrading the capacity of V2I links. Theseaspects also form the major
differences between our proposed algorithms and the egistne in [27]. However, we
also notice that the performance gain of Algorithm 1 is miaipwhich might be due to
the insensitivity of capacity to the small-scale fadingeeffand the fact that the SINR
overshooting of SOLEN is essentially small.

Fig. 2.5 shows the sum and minimum ergodic capacities of@E€with an increasing
vehicle speed on the road, respectively. From the guresh sam and minimum CUE
capacities decrease as the vehicles move faster. Thisas®ebigher speed induces spars-
er traf ¢ according to the simulation setup, which would oreeage increase inter-vehicle
distance and give rise to less reliable V2V links with loweceived power. As such, less
interference from CUESs can be tolerated given the maximanstnit power constraints of
DUESs, which leads to less power being allocated to CUEs aakdses both their sum and
minimum ergodic capacities. It also reveals that Algorithachieves higher sum ergodic
capacity than Algorithm 2 while the reverse is true when carimg the minimum ergodic
capacity. This makes sense since Algorithm 1 aims to maxitiie sum ergodic capacity

while Algorithm 2 takes the minimum ergodic capacity as &sign objective. Itis also in-
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teresting to note in Fig. 2.5(a) that an increase of maxinmamsimit power has a relatively
constant impact on the sum CUE capacity performance of bégbradhms 1 and 2 with
respect to the vehicle speed increase. However, this dadsltbwhen we investigate the
minimum CUE capacity as shown in Fig. 2.5(b). At a low vehspeed, & dBm increase
of the maximum transmit power brings signi cant gains fotldlgorithms 1 and 2, e.g.,
some40%increase a60 km/h. In contrast, at a very high speed, elgiQkm/h, the pow-
er increase has limited impact, which is especially truemive focus on Algorithm 1 in
Fig. 2.5(b).

Fig. 2.6 demonstrates the sum and minimum ergodic capadfi€UEs with respect
to increasing SINR threshold for DUES, respectively. Weeobs that in both cases, the
investigated ergodic capacity will decrease when the minin@oS requirement for DUES
grows large. Such performance degradation results frometheced interference tolerabil-
ity of DUEs due to an increase in their required SINR thredhwhich will impose stricter
constraints on the allowable transmit power of the pairitd=S. Reduced transmit power
of CUEs directly translates into a decrease of the sum andhmam ergodic capacities
they are capable of achieving given all QoS constraints eali It is also observed that a
6 dBm increase of maximum transmit power has roughly unifarpact on the sum CUE
capacity with respect to growing! while for the minimum CUE capacity, the impact gets
smaller with increasingg.

Fig. 2.7 shows the impact of the number of active V2V links ba tuality of V2I
connections. From the gures, as there are more and more W& kharing V2lI's spec-
trum, both the sum and minimum CUE capacities decrease dihe tgrowing amount of
interference generated from V2V links. From Fig. 2.7(a)g@ithm 2 is more sensitive
to the change of V2V numbers in terms of sum CUE capacity ateecied from the steep
slope of its sum capacity curve. As for the minimum CUE capyaai Fig. 2.7(b), Algo-
rithm 1 achieves dramatically degrading performance d, esg., aroundb0% decrease

whenK=M is doubled from0:1 to 0:2. Then the performance gradually attens. This
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is in contrast to Algorithm 2, where the minimum CUE capaggrformance degrades
gracefully with respect to growing interference generéitech increasing numbers of V2V

links. Again, it is worth pointing out that & dBm increase of maximum transmit power
uniformly increases the sum CUE capacity with respect tavgqrg K=M while the impact

gets weaker for the minimum CUE capacity with increasing benof active V2V links.

2.5 Summary

In this chapter, we have investigated the spectrum shandgawer allocation design for
D2D-enabled vehicular networks. Due to fast channel vianatarising from high vehi-
cle mobility, instantaneous CSI is hard to track in pragtiemdering traditional resource
allocation schemes for D2D-based cellular networks reamifull CSI inapplicable. To
address this issue, we have taken into account the diffatedtQoS requirements of ve-
hicular communications and formulated optimization peoh$ aiming to design a resource
allocation scheme based on slowly varying large-scalentautiformation only. Robust al-
gorithms have been proposed to maximize the sum and minimgaodie capacity of V2I

links, respectively while ensuring reliability for all V2khks.
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CHAPTER 3
SPECTRUM AND POWER ALLOCATION WITH DELAYED CSI FEEDBACK

In this chapter, we continue the study of resource allooattw vehicular communica-
tions, yet from another perspective. That is, we explorectramunication performance
when channel state information (CSI) of vehicular linksesipdically reported to the base
station (BS). We take into account the inevitable CSI layedring feedback in high-
mobility vehicular environments. The proposed resourt@cation problem incorporates
heterogeneous quality-of-service (Qo0S) requirementsvédricle-to-infrastructure (V2I)
and vehicle-to-vehicle (V2V) links corresponding to th&ipported services, i.e., large ca-
pacity for V21 links and high reliability for V2V links. Sum ¥ throughput is maximized
with a minimum QoS guarantee for both V2I and V2V links, where V2V reliability is
ensured by maintaining the outage probability of receivgdai-to-interference-plus-noise
ratio (SINR) below a small threshold.

The rest of the chapter is organized as follows. Sectiom@c@duces the system model.
Section 3.2 develops robust resource allocation schemestiacular communications with
delayed CSI feedback. Simulation results are presenteckatidd 3.3 and concluding

remarks are nally made in Section 3.4.

3.1 System Model

Consider a device-to-device (D2D)-enabled vehicular comigation network as shown in
Fig. 3.1, whereM vehicles require high-capacity V21 communications, deddas I-UES,
andK pairs of vehicles perform local V2V data exchange in the foff®2D communi-
cations, denoted as V-UEs. Denote the I-UE seVlas= f1; ;Mg and the V-UE set
asK = f1;, ;Kg. To improve spectrum utilization ef ciency, orthogonakyiocated

uplink spectrum of I-UEs is reused by the V-UEs. The chanoelgy gaingns , between
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Figure 3.1: D2D-enabled vehicular communications.

themth I-UE and the BS follows

gm;B = jhm;Bj2 m;B; (31)

wherehp, g is the small-scale fast fading component, assumed to beémdient and iden-
tically distributed (i.i.d.) distributed a8N(0; 1), and ..z captures all large-scale fading
effects including path loss and shadowing. The charmelbetween théth V2V pair,
the interfering channegy, from thekth V-UE to the BS, and the interfering channg,
from themth I-UE to thekth V-UE are similarly de ned.

We assume CSI of links connected to the BS, bg:g andeg, is accurately known
since it can be estimated at the BS while CSI of vehiculaisljmnle.,gx andgn. , is reported
to the BS with a feedback periddand therefore with latency. We use a rst-order Gauss-

Markov process [49] to model the channel variation (fasirfgplover the period

h= fi+e; (3.2)
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wherefi andh are the channels in the previous and current time, respdgte is the
channel discrepancy term distributed accordingtd(0;1  2) and independent df,
and the coef cient quanti es channel correlation between the two consecutme slots.
For the Jakes' model [49], is given by = Jo(2f 4T); whereJy() is the zero-order
Bessel function of the rst kind anfly = vf.=cis the maximum Doppler frequency with
c=3 10° m/s,v being the vehicle speed, ahgbeing the carrier frequency.

The SINRs of thenth I-UE andkth V-UE are given by

o= Pn mgihmg I§ (3.3)

R o
2+ mek P ~kjMkj2
k=1

and

§ P« 2ifi?+ jegj?
K= ) (3.4)

2+ m;k Pr% m;k rzn;kjﬁm;ij + jem;kj2
m=1

respectively, wher®¢ andPd denote transmit powers of thath I-UE and thekth V-
UE, respectively, 2 is the noise power, and,x = 1 indicates thekth V-UE reuses the
spectrum of thenth I-UE and .« = 0 otherwise.

To meet diverse requirements for different vehicular links., large capacity for V2I
connections and high reliability for V2V connections, weximaize the sum capacity of
M [-UEs while guaranteeing the minimum reliability for eacHNE. In addition, we set

a minimum capacity requirement for each I-UE as well to pdleva minimum guaranteed
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QoS for them. The optimization problem is formulated as

X
max log,(1+ ) (3.5)
f mko9
fPdgfPS g mzM
st: log,(1+ ;) r58m2M (3.5a)
Pf ¢ 39 po;8k2K (3.5b)
0 Py, Pr8m2M (3.5¢)
0 P P.8k2K (3.5d)
X
mk 1 mk 2f0;10;8k 2 K (3.5e)
m2M
X
mk L mx2f0,10;8m2M ; (3.5f)

k2K

wherer§ is the minimum capacity requirement of I-UEs anglis the minimum SINR
needed by the V-UESs to establish a reliable link. g?evaluates the probability of the input
andpy is the tolerable outage probability S, andPd_, are the maximum transmit powers
of the I-UE and V-UE, respectively. (3.5a) and (3.5b) repréghe minimum capacity
and reliability requirements for each I-UE and V-UE, respety, where the probability is
evaluated in terms of the discrepancy tegraused by the delay in CSI feedback. (3.5¢)
and (3.5d) ensure that the transmit powers of I-UEs and V4dBgot exceed the maximum
limit. (3.5e) and (3.5f) mathematically model our assumpthat one I-UE's spectrum can
only be shared with a single V-UE and one V-UE is only allowedd¢cess a single I-UE's
spectrum. This assumption reduces the complexity brougthtdocomplicated interference
scenarios in D2D-enabled vehicular networks and servegjas@ starting point to study

the resource allocation problem in vehicular networks.
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3.2 Robust Resource Allocation Design

3.2.1 PowerAllocationfor Singlel-UE andV-UE Pairs

Decoupling the problem and focusing on each I-UE and V-UE, p& aim to maximize

the I-UE's capacity

PT(T:] m;thm;sz (36)

Cmnk =lo 1+
m 9z 2+ Pa~jhyj?

while satisfying all constraints, formulated as

max Cpmx (3.7)

PLPS

s:t: (3:5b); (3:5¢); (3:5d)

Lemma. The feasible region of3.7)is derived as

n d A
C D exp =
(PEPR)texp > 1+ g5 g
(0]
cd A0 PS PEL,O PEOPL (3.8)
or
n d
B A C 1
PP 1+ —— —am
( k m) gD eXp gD pOO
Cd<A 0 PSS PO PS PI (3.9

whereA = PZ 4 2jfi%B = Pd w1 2);C = 2+ PS mk Zaifimki? andD =

Pr mk(L ﬁw;k):

Proof. The received SINR at thith V-UE, ¢, from (3.4) can be written asf = 2+BX;

whereX andY are two independent exponential random variables withme@n. Two
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cases are identi ed to evaluate V2V reliabilityfP  dg:

Case I: WherC § A,

Z4 Z cron g a
Pf ¢ §9= exp( y)dy exp( x)dx
0 0
exp C gB A
=1 7o g Po: (3.10)
Case Il: WherC § <A,
Z 1 Z 1
Pf ¢ 89= exp( x)dx .4 exp( y)dy
0 —Dd_
0
c
- o) o (3.11)

B A
1+ 50 exp(—gﬁ)

Rearranging terms of (3.10) and (3.11) completes the proof. O

Based on theeemma we derive the optimal power allocation solution to (3.7}the

following Theorem

Theorem. The optimal power allocation solution {8.7)is

§munfp,am d g iR P

Pl = % mMinf Paae P.mad:  if PAo > P andPS, > P§;
Cl M otherwise
and
8
% Minf P PS.mad i Poa P
Pr% g minf PC Pé’z;mag; if Pd > P dand Pr%ax> I:)OC;

Pl

e otherwise,
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where

2

1 2 N . .
l—m'&k_ p% 1 m;k ﬁ]ﬁka m;k rzn;kjﬁm;ka
and
PS8 mx(l %)@ po)
pd_ 00 m;k m:k Po) .
0 - .

kL Dpo

Pd axandPg . . are derived from the implicit functions

C1,max

F1(P& . max Pia) =0 and  F1(Pas P§ mad = 05

C1,max max

Pd. naxandPg ... are derived from the implicit functions

Fo(PS mae Poad =0 and  Fa(Pfas Péymad = 0;

C2;max max

through bisection search by noting the monotonic relatiemeenPS andPZ in the im-

plicit functions

C ¢ D exp &
Fi(Pd; PS) = exp ?0 1+ 2 d : SO -0
whenPd 2 (0; P§) and
B A C{ 1
Fo(PGPS)= 1+ —— exp ° = =0;
o §D §D Po

whenPd 2 (P, +1).

Proof. We provide a brief sketch for the proof. From themma the feasible region of
(3.7) is divided into two parts, depending orGf & A or not, with an example given in

Fig. 3.2. Further analysis shows that the two regions's uppendaries (as determined
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Figure 3.2: A sample feasible region depiction.

by implicit functionsF;(P3; PE) = 0 andF,(P3;PS) = 0, respectively) intersect at
(Pd; P&), which lies on the separating lir@ § = A. In addition,F;(PZ;PS) = 0 and
F2(Pd; PS) = 0 maintains a monotonically increasing relation betwBgnandPg in the
range(0; PY) and(PJ; + 1 ), respectively. We note that the I-UE's capacity, or equinly
¢, increases witlP¢ and decreases witRd. Hence, the optimal solution must reside at

the upper boundary of the feasible region, which is a cootisuine jointly determined
by F1(P; PS) = 0 andF,(Pd; PE) = 0. Further analysis reveals that, increases with
growing P along the boundary line. As a result, the optimal power affion solution is
determined by the relative magnitudesRff,, andP2._, as well as their intersections with

the boundary line, which is as summarized in the theorem. O

3.2.2 PairMatchingfor All Vehicles

Substituting the optimal power allocation from thieeoremin (3.6) yields the maximum

capacity of thenth I-UE when it shares its spectrum with tkiin V-UE, denoted a€. . If

45



Table 3.1: Optimal Resource Allocation Algorithm for (3i5) D2D-Enabled Vehicular
Communications

Algorithm 3 Optimal Resource Allocation Algorithm for (3.5)
1: form=1:M do
22 fork=1:K do
3: Obtain the optimal power allocatigiPd ; PS ) from the Theorenfor the single
I-UE and V-UE pair.

4 Substitute(PZ ; PS ) into (3.6) to obtairC,. .

5: if Ch <rgthen

6: Chk =1

7 end if

8: end for

9: end for

10: Use the Hungarian method [33] to nd the optimal reuse patfer,,, g based on
me;k g

11: Return the optimal spectrum reuse patterp,, g and the corresponding power alloca-
tionf (P2 ;PS)g.

itis less thamrg, then this combination is unable to meet the minimum capaeduirement
for the I-UE. Therefore, such a I-UE and V-UE pair is not fessiand we seC,,,, =
1 . After evaluating all possible combinations of the reusiespséhe resource allocation

problem in (3.5) reduces to

X X
max mik Crik (3.12)
Fmik 9 oM kek
st: (3:5¢); (3:5f) (3.13)

which turns out to be a maximum weight bipartite matchindopem and can be ef ciently
solved by the Hungarian method in polynomial time [33].

From the above discussion, we propose Algorithm 1 to soleeptioblem in (3.5) as
listed in Table 3.1. Algorithm 1 yields the globally optimsslution to (3.5) because it
jointly nds the optimal power control for each I-UE and V-Uteuse pair and the best

spectrum sharing among all possible reuse pairs.
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Table 3.2: Simulation Parameters [10, 47]

Parameter Value Parameter Value

Carrier frequency 2 GHz BS receiver noise gure 5dB

Bandwidth 10 MHz | Distance between BS ard,g

highway

Cell radius 500 m Vehicle receiver noise gure 9 dB

BS antenna height 25m Absolute vehicle speed 100 km/h

BS antenna gain 8 dBi ?{I:mlmum capacity of |-UE 0.5 bps/Hz

0

Vehicle antenna height| 1.5 m SINR threshold of V-UE § | 5dB

Vehicle antenna gain | 3 dBi Reliability for V-UE pg 10 3

M_aX|mum \é—UE trans- 23 dBm Maxmuzn [-UE transmit 23 dBm

mit powerPy ., powerP ..

Number of lanes 3x2 Number of V-UEK 20

Lane width 4 m Number of I-UESM 20

Noise power 2 -rr%14 dB- Bisection search accuracy | 10 °©
Vehicle drop model spatial Poisson process

Vehicle density ;Ar\]vrenrgge inter-vehicle distance 25v, v

Table 3.3: Channel Models for V2| and V2V Links [10]

Parameter V2I Link V2V Link

Pathloss model 128.1 + 37.6g;pd, din | LOS in WINNER +
km Bl

Shadowing distributiony Log-normal Log-normal

Sha_dqwmg standar:l8 dB 3dB

deviation

Fast fading Rayleigh fading Rayleigh fading

3.3 Simulation Results

In this section, we present simulation results to validasegroposed algorithm. We follow
the simulation setup for the freeway case in 3GPP TR 36.88pdid model a multi-lane
freeway that passes through a single cell as shown in Fig.Thé& vehicles are dropped
according to spatial Poisson process, whose density isndieted by the vehicle speed.
The M I-UEs andK V-UEs are randomly chosen among generated vehicles, where V

UE pairs are formed between adjacent vehicles and the I-di&s équal shares of the total
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Figure 3.3: Sum capacity of I-UEs with varying feedback peii .

bandwidth. The major simulation parameters are listed bi€ld.2 and the channel models
are described in Table 3.3. Note that all parameters arecsetding to Tables 3.2 and 3.3
by default, whereas the settings in each gure take preasalen

Fig. 3.3 demonstrates the sum V2| throughput of our propadgarithm with an in-
creasing CSI feedback period that indicates the chanrezidgit From the gure, the sum
capacity of I-UEs decreases as the reporting pefiagtows. This is due to growing
increases uncertainty of V2V channels at the BS, motivatiegBS to act conservatively
when controlling I-UES' transmit powers to meet the religpiconstraint of V2V links,
which suffer from interference generated by I-UEs. As theisle speed increases from
50to 150km/h, the sum capacity drops since higher speed induceger IBoppler shift,
which also increases channel uncertainty at the BS. Ano#asion for such degradation is
due to sparser traf ¢c according to the simulation setup,chfon average increases inter-
vehicle distance and gives rise to less reliable V2V linkwower received power. As

such, less interference from I-UEs can be tolerated givemiaximum transmit power
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Figure 3.4: CDF of an arbitrary V-UE's SINR under Rayleighlifeg withT = 1 ms and
different targeted outage probabilitips
constraints of V-UESs, leading to less power being allocatedUEs and decreasing their
sum capacity. It is also interesting to note from Fig. 3.3IthiE's sum capacity is more
sensitive to feedback frequency with a larger vehicle speed

Fig. 3.4 evaluates the cumulative distribution functiolDf& of an arbitrary V-UE's
received SINR under Rayleigh fading with different targetaitage probabilities. The
desired SINR threshold for each V-UES<IB. From the gure, the reliability constraint in
terms of the outage probability of V-UE's SINR is accurats#itis ed, which con rms the

effectiveness of our proposed algorithm.

3.4 Summary

In this chapter, we have investigated the spectrum sharidgpawer allocation design for
D2D-enabled vehicular networks. Channel uncertainty edlry CSI feedback delay in a

high mobility vehicular environment has been considerdte dptimal resource allocation
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strategy has been developed to maximize the sum capacityl-@&s while the reliability

of all V2V links is strictly satis ed.
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CHAPTER 4
GRAPH-BASED RESOURCE ALLOCATION WITH MULTIPLE V2V SHARING

In this chapter, we further our study of the resource aliocgtroblem for device-to-device
(D2D)-based vehicular networks. We generalize the problenprevious chapters to a
more generic setting, where each vehicle-to-infrastmecfu2l) link shares spectrum with
multiple vehicle-to-vehicle (V2V) links and the frequensgectrum is not assumed to be
preassigned to V2I links. To support service heterogeméitehicular networks, we max-
imize the V2l link capacity for high bandwidth applicatigrsich as video streaming over
the Internet, and introduce the reliability constraint ¥V links (evaluated in terms of
outage probabilities depending on large-scale CSI andisitieldition of small-scale CSI),
which is critical for safety message dissemination. We tadteantage of both optimiza-
tion and graph theoretic tools to develop a suite of algorghhat solve the problem with
different performance guarantee and computational catiiplegadeoffs. In the proposed
baseline algorithm, we divide the V2V links into disjointegprum-sharing clusters using
graph partitioning algorithms to mitigate their mutualerference. We then model and
solve the spectrum allocation problem as a weighted 3-dsineal matching problem in
graph theory, where weights of edges in the graph are olatdipeptimizing powers of
both V2I and V2V transmitters for each feasible spectrunrisacandidate. Based on
the baseline algorithm, we further develop greedy and nanizid graph-based resource
allocation algorithms, leading to a substantial perforogagain.

In terms of the chapter organization, Section 4.1 introdile system model. Section-
s 4.2 and 4.3 investigate the resource allocation probleitsdifferent CSI resolutions.
Section 4.4 delivers computer simulation results befoegpitesentation of concluding re-

marks in Section 4.5.
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Figure 4.1: D2D-based vehicular communications.

4.1 System Model

Consider a D2D-based vehicular communications networkeais in Fig. 4.1. There are
M V2l and K V2V communication links. ThéM V2l links are initiated byM single-
antenna vehicles, demanding large-capacity uplink cdiorewith the base station (BS)
to support bandwidth intensive applications, such as ckagss, media streaming, and
social networking. Th& V2V links are formed among the vehicles, designed with high
reliability such that safety-critical information, such the basic safety messages (BSM)
de ned in [10], can be shared among neighboring vehiclaals, in the form of localized
D2D communications.

It is noted that thevl V2I links andK V2V links are illustrated separately in Fig. 4.1
for better presentation. Denote the set of V2l link§as= f1; ;M gandthe set of V2V
linksaskK = f1; ;Kg. The total available bandwidth is divided inforesource blocks
(RBs), denoted by = f1; :Fg. Without loss of generality, we assurive = F in

this chapter and each of thé V2I links uses a single RB, i.e., no spectrum sharing among

52



V2l links. To improve spectrum utilization, orthogonallyacated uplink spectrum of V2I
links is reused by V2V links since uplink resource usagess latensive and interference
at the BS is more manageable. We note that in practice the ewafity2V links tends to
be larger than that of V2I links, i.eK M, making spectrum reuse among V2V links
necessary.

As in Fig. 4.1, the channel power gaigy s [f ], from the transmitter of thenth V2I
link to the BS over thé th RB is

Onelf1= meibms[f1i% (4.1)

wherehp, g [f ] is the small-scale fading component, assumed to be digtdbaccording
to CN(0; 1) and independent across different RBs and links, apd captures large-scale
fading effects, i.e., including path loss and shadowinguased to be independent of the
RB indexf . Similarly, we can de ne th&th V2V channel over thé th RB, g«[f ], the
interfering channel from thi€%h V2V transmitter to thécth V2V receiver over thé th RB,
okek[f ], the interfering channel from thath V2I transmitter to théth V2V receiver over
thef th RB, gn«[f ], and the interfering channel from tlkéh V2V transmitter to the BS
over thef th RB, gk.5 [f ]. See Table 4.1 for a summary.

The full CSI of links engaging the BS, including the V2I chefs) gy [f ], and the
interfering channels from the V2V transmittegz g [f |, can be estimated at the BS, and is
thus assumed known at the central controller. However, Bleo€mobile links, including
the V2V channelsg[f ], the peer V2V interfering channelgok[f ], and the interfering
channels from the V2| transmittergy.x [f ], has to be estimated at the mobile receiver
and then reported to the BS periodically. Frequent feedbéttke fast fading information
of rapidly varying mobile channels incurs substantial algrg overhead and thus makes
tracking instantaneous CSI of mobile channels infeasiblpractice. Therefore in this

chapter, we assume that the BS only has access to the laigefading information of
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Table 4.1: A Summary of Channel Symbol Notation

Symbol

De nition

gm;B

the channel from thenth V2| transmitter to the BS

Ok

the channel of th&th V2V link

gk;B

the interfering channel from thleth V2V transmitter
to the BS

gm;k

the channel from thenth V2l transmitter to theth

V2V receiver

the interfering channel from thidth V2V transmitter
to thekth V2V receiver

such channels, which varies on a slow scale. In the meantaoh realization of the fast

fading is unavailable at the BS while its statistical chtgdzation is assumed to be known.

To this end, the received signal-to-interference-plusaoatios (SINRs) of thenth

V2l link at the BS and theékth V2V link at the V2V receiver over théth RB can be

expressed as

and

Br%;f Om;s [f ]

. = 4.2
™ e P gl ] 2
k
P g [f
S S 1. S 4.3
’ + it P Omac[f 1+ kor Pror Gok[f ]
m k% k

respectively, wher®?.;, andPg; denote transmit powers of theth V2| transmitter and

the kth V2V transmitter over thé th RB, respectively, 2 is the noise power, and,; 2

f0; 1g is the spectrum allocation indicator witl} ; = 1 implying themth V2l links is

transmitting over thé th RB and [ ; = 0 otherwise. The spectrum allocation indicator

for thekth V2V link, £, is similarly de ned.

To meet the diverse quality-of-service (QoS) requireméontdifferent vehicular links,

i.e., large capacity for V2I connections and high relidapifor V2V connections, we max-

imize the sum capacity of thd V2l links while guaranteeing the minimum reliability for
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each V2V link. The spectrum and power allocation problenfensiulated as:

X X
maz( (r:n;f |092(1 + r%;f) (4-4)
Fmf ki 9 m f
fPoy ;Pl?;f g
st g Prog d Po; 8K; f (4.43a)
X
¢ =1;8f (4.4b)
m
X
?n;f =1:8m (4.4C)
f
X
f
X
?n;f I:)r%;f I:)r(r:1ax; 8m (4.46)
f
X 4 od d
k:f I:)k;f Pmax; 8k (4-4f)
f
S OGP 0;8m;k;f (4.49)
i ks 210 1g;8m;k; f; (4.4h)

where §in (4.4a) is the minimum SINR needed to establish a reliald¥ \ink andpy in
(4.4a) is the tolerable outage probabilB£,, in (4.4e) andP2_, in (4.4f) are the maximum
transmit powers of the V21 and V2V transmitters, respetyiv€onstraint (4.4a) represents
the minimum reliability requirement fd€ V2V links, where the probability is evaluated in
terms of the random fast fading of mobile channels. Condtfdi4b) restricts orthogonal
spectrum to be allocated amoiMy V2I links. Constraints (4.4c) and (4.4d) model our
assumption that each of the V2l and V2V links accesses asRigl Constraints (4.4e) and
(4.4f) ensure the transmit powers of V2I and V2V links cangobeyond their maximum
limits.

Extension to multi-RB access for both V2I and V2V links is gib¢e through creating

55



multiple virtual V2I and V2V links and then properly de nintpeir channel strengths as
described in [50, 28]. Speci cally, if one V2I link requedts; RBs, we creat&lr virtual
V2l links at the beginning of the resource management andefeaally split the maximum
transmit power among thed&; V2I links. If one V2V link requests multiple RBs, we can
similarly create the same number of virtual V2V links andrttset the strengths of the
channels among them to be extremely high such that they tahace the same RB in the
following resource allocation stage. Likely, we split theiaximum power limit among the
virtual V2V links. Finally the RBs allocated to all virtuahks originating from the same

V2| or V2V link will be combined to allow multi-RB access.

4.2 Spectrum Allocation and Power Control

The optimization problem in (4.4) is combinatorial in na&wand is further complicated
by the nonlinear constraints and objective function. Torassl the problem, we propose
in this section solution algorithms originating from a cdandiion of graph theoretic and
optimization tools. We rst introduce a baseline low-comxity resource allocation al-
gorithm, based on which some re ned algorithms will then bepwsed with signi cant
performance improvemenklease note that the proposed algorithms are implemented in
centralized manner, where the central controller collgasCSI of all links with different
levels of resolution from feedback or direct channel estiomaas described in Section 4.1,

and then executes the algorithms step by step according &lglrithm description.

4.2.1 BaselineGraph-BasedResourcéillocation

For the baseline resource allocation scheme, we rst ekglaiph partitioning algorithms
to divide the V2V links into different clusters based on thaiutual interference. This
identi es proper V2V sets for spectrum sharing with minimunterference. Next, all V2V
links in each cluster are allowed to share the same spectitmowe of theM V2l links

while V2V links in different clusters cannot share spectruvile then optimize V2| and
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Figure 4.2: Graph representation for interfering links.

V2V transmit powers for all possible sharing patterns. Bnave construct a 3-partite
graph, with theM V2I links, F RBs, andN V2V clusters as its vertices and with edge
weights equal to the V2I capacity from applying optimized ¥8d V2V transmit powers.
The resource allocation problem in (4.4) can then be redtecadveighted 3-dimensional

matching problem.

V2V Partitioning

The interference management for V2V links can be capturéwyus graph in Fig. 4.2,
where each V2V link_y is modeled as a vertex and two vertices are joined by an edge
when they are mutually interfering. The edge weight is seafture the interference level
withwyox = ok, Where o is the large-scale fading CSI of the interference chanoet fr
thek®h V2V transmitter to théth V2V receiver. The goal is to partition the vertices
intoN sets,Cy; ; Cn, WhereN K, minimizing the intra-cluster interference across
all clusters, i.e.,P OP Wioi . Intuitively, this implies that we attempt to partition
strongly interferi;g \/k2|\(/2 Ici;1ks into different sets so thatks within the same set can share
the same RB without incurring too much mutual interference.

The above partitioning problem is equivalent to the MAXCUT problem in graph

theory [31, 51] and a brief explanation is given here. Gebe a graph with vertex set
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Table 4.2: Heuristic Algorithm for MAXN -CUT [31, 51]

Algorithm 4 Heuristic Algorithm for V2V Partitioning
1: Arbitrarily assign one V2V link to each of thé clusters.

2: for k 2 K and not already in any clusteto

3: forn=1:Ndo p

4: Compute the increased intra-cluster interference using(wi.xo + Wok).
kOZCn

5:  end for p

6:  Assign thekth V2V link to then th cluster withn = argmin (Wi:ko + Wiok).

k%2 Cy
7. end for
8: Return the V2V clustering result.

V(G) and edge sét (G). Letw : E(G) ! R. The MAX N-CUT problem for a weighted

graph is to nd a partition of the grap@ into N disjoint clustersC,,;n = 1; N, such
P

thatC;,[ [ Cn = V(G) and W, IS maximized, wherev,., is the weight

a2Ci;b2Cy i<

P P P P
of the edgda; b. Since Wiox  + Wap = w(e), maximizing
n k&k2Cp a2C;j;b2C;j ;i<j e!'Z E(G)

P P P
Wb IS thus equivalent to minimizing Wiok
a2C;;b2C;j i n  k%k2Cp
A simple heuristic algorithm has been proposed in [51] anulated for interference
management in [31] for multicell OFDMA systems, achievimgabsolute ratio ofl
1=N) for a generaN -CUT problem. This algorithm is listed in Table 4.2 and w# bsed

in this chapter.

Power Allocation Design

As mentioned before, V2V links in one cluster can share tleetspm with one V21 link
while those in different clusters are not allowed to shage.dn arbitrary spectrum sharing
pattern, e.g., when thath V2I link is transmitting over thé th RB, which is shared by
all V2V links in thenth cluster,C,, we attempt to nd its optimal power control for both
V2l and V2V links. That is, we maximize the V2I capacity, ded asR, [f ], with the

reliability of all V2V links in thenth cluster guaranteed when they sharefttieRB. The
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power optimization problem is formulated as

Pr(éjf gm;B [f ]

max log, 1+ , R 45
P fPd g 0] 2 + Plg;f OB [f ] m;n [ ] ( )
8 k2Cn 9
2 g N
s.t. Pt O[] .

Pr .
.> 2+ Pr%;f Om:k [f ] + PSO;f gko;k[f ] 0>
k%% k

po; 8k 2 C, (4.5a)
0 P& Plu (4.5b)
0 P% Plwe8k2Cy (4.5¢)

To evaluate the outage constraint of (4.5a), we will turp &m analytical form by using

the following result from [52].

Lemma 3. Suppose;; ;z, are independent exponentially distributed random vaeabl

with mean<[z] = 1= ;. Then we have [52]

; (4.6)

wherec is a positive constant.

In light of Lemma 3, we replace the outage constraint for a2 links in (4.5a) with

d 2
o0 v
1 — - - Po;8k 2 Cy: 4.7)
Phsf mk 0 Poos k0k 0
1+ 50— wek 1+ “——
ki K Per

This is still a fairly complex constraint and is hard to dedthw To avoid the dif culty of

manipulating such complicated inequalities, we furthex the following result in [53] to

59



bound the derived outage constraints

exp dg & Y
1 Pk;f K 1
1+ nggfm* A R
; Kf K ! 1
§ 2+ P& mkt P Kok E
O k
1 ex
p% T
Po; 8k 2 Cy; (4.8)

where tightness of the upper bound on outage probabilityphas demonstrated in [53].
To this end, the power control problem in (4.5) for all V2VK#in thenth cluster,C,,

and the associatadth V2I link over thef th RB can be cast as

!
Pyt ms ]

max lo 1+ . 4.9
Pe TP 0 % o k2C Pl?;f Ge ] 9
sit. Pl P 0
2+ Pr(r:\;f mk T . I:)I?O;f kOk In 1 1p0 ’
8k 2 C, (4.9a)
0 Pri  Prax (4.9b)
0 P Pl..8k2Cp: (4.9¢)

Remark 1. For generalized fast fading distributions with unit meanves, i.e.,E[jhj?] = 1,
we exploit the results from [54] to nd an upper bound of thaage probability of V2V
links, i.e., the left hand side of (4.5a), by

2 PC P Pd
*Pot mk Tt kof  kCk
k%

O Fin @ ¢ (4.10)

d )
Pk;f k
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8k 2 C,; whereFy,,j2( ) is the fading cumulative distribution function (CDF) of thith
V2V link, which is assumed to be concaveRin The outage constraint in (4.5a) can be

further derived as

Pl o 5
S 8k 2 Cp; (4.11)
2 4+ Pr%;f mk t " Pfo;f KO-k thkljz (po) "

wherethkljz( ) denotes the inverse of the CDF. For the popular double-Rglyl&ading to

model non line-of-sight (NLoS) V2V channels, the CDF isrghse[55]
Fn00=1 k(" %; (4.12)

whereK 1( ) is the rst order modi ed Bessel function of the second kind.

We note that the optimality of (4.9) will be achieved when théage constraints in
(4.9a) are satis ed with equality. This can be proved by cadittion. Suppose the optimal

solution to (4.9) contains at least one V2V likk2 C,,, with

P'?'f o) 0
T > : 4.13
2+ PS mk + . P& wr Il (4.13)

Due to the fact that the left hand side of (4.9a) is monotdlyicacreasing inPlgf and
decreasing iP%; , k°6 k, we can always lower thieth V2V's transmit powerP; , such
that constraints for all V2V links are still satis ed. Alsmtice that the objective function
in (4.9) is monotonically increasing with decreasing V2&htsmit powers. As such, it can
be improved with Iowering’lf;f , thus contradicting the optimality assumption.

Letting N, denote the number of V2V links in the clust@f, we further notice that
the relations in (4.9a) are linear M., + 1 related transmit powers: one V2| transmit
power,P ¢ ; andN¢, V2V transmit powersf Plf';f g. In addition, the number of equality

constraints in (4.9a) at the optimal solutionNg,. Therefore, we can easily derive the
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V2V transmit powers in thath cluster, i.e.f Plgf 0; 8k 2 C,, in terms of the V2| transmit

power,Pgr; , as

Ply= 1o P& mt+ 2 (4.14)
wherePd, 2 RNen 1 storesN, V2V transmit powers in thath cluster, ¢ = S —
n;f In(1 po)
m=( m1  mng) 2CNen L and 2 CNen Nen js given by
8
2 i if i =];
B~ (4.15)
3 , ,
- o ji; Otherwise

Here, inthe above we have relabeledlthe V2V links in thenth clustera$1;2;  ;N¢, 0
and slightly changed the notation by usinig place of the original V2V indek.

Similar to the argument in [28], we can then substitute (Mid4he objective function
of (4.9), which can be shown to monotonically increase Wifh . Hence, after considering

the maximum power constraints, the optimal solution to ttobdlem in (4.9) is given by

( Pl 0211 e
Pn‘;;f =min  Pg.. max o ! : (4.16)
0j m i=1
and
Ple= Yo P& mt+ % (4.17)

wherel is an all-one vector and! is theith row of 1.

1Should either the optimal V2! transmit power, I.B5.¢ , or any of the optimal V2V transmit powers
in the nth cluster, i.e.P,gf ;k 2 C,, be negative, we declare the problem in (4.9) to be infeasibd set
Rm;n [f] = 1
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Figure 4.3: Graph representation for spectrum sharing griv@hand V2V links.

Resource Matching

To this end, essential elements of the resource allocatimoigm in (4.4) can be modeled

as a 3-partite graph in Fig. 4.3. For each of the possibleR1V2V resource sharing

patterns MMF N in total), we formulate the optimization problem as in (4283 then nd

the resulting V2| capacitRR ., [f ]; 8m; n; f . The weight for the edge linking from thmath

V2l vertex in the upper layer, through théh RB vertex in the middle layer, and to théh

cluster vertex in the lower layer, is set toRg., [f ]. Then the spectrum allocation problem

reduces to
X X X |
max mi nf Rmn[f] (4.18)
f En;f : El;f 9 m f n
X X
s.t. ¢ =1; d¢ =1,8f (4.18a)
m n
X X
¢ =1;8m; g =1;8n (4.18b)
f f
o S 2f0;1g;8m;n;f (4.18c)

This problem can be transformed into a weighted 3-dimesimatching problem with
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weights ofw(m;f;n) = Rnn[f],fork m M;1 f F;andl n N, towhich
we now turn our attention.

Formally, a hypergraphl = (V; E) consists of a séf of vertices and a sé& of edges
where each edge is a nonempty subsa&t oA matching inH is a subseM, E of edges
such that for any distinct edges; e, 2 Mg, e, \ & = ;: A k-uniform hypergraph is a
hypergraph in which all edges have skeFurther, a&-uniform hypergraph is said to be
k-partite if the set of vertices can be partitioned iktdisjoint sets such that every edge
contains one vertex from each set.kAdimensional matching is a matching irkgpartite
hypergraph. The&-dimensional matching problem is to nd a matching irkgpartite
hypergraph with the maximum number of edges. The weigktdimensional matching
problem is that given k-partite hypergrapi = (V;E) and afunctiorw: E! R, nda
matchingMg in H such thaiw(M,) = P w(e) is maximized.

In our case, the V2I-RB-V2V rezzoMuorce allocation problem4nlg) is equivalent to
the weighted3-dimensional matching problem, which can be seen as follows rst
construct a3-partite hypergraptd = (V;E), by lettingV = f[m;0;0] : 1 m
Mg[f [O;f;,0]:1 f Fg[f [0;0;n]:1 n Ng,andE = f(m;f;n) : 1
m M;1 f F;:1 n N g, where(m;f;n) = f[m;0;0];[O0; f; O]; [0; O; n]g.
We de ne the weight functiorw : E ! R by lettingw(m;f;n) = Ry, [f], for all
1 m M;1 f F;1 n N: Now, we can see that solving our V2I-RB-V2V
resource allocation problem is equivalent to solving thegived 3-dimensional matching
problem orH = (V; E) with weight functionw.

Note that fork 3, thek-dimensional matching problem is NP-hard. In fact, the 3-
dimensional matching problem is one of Karp's famous 21 Ryalete problems. Thus,
we are not expecting a polynomial time algorithm to solve pnablem. Instead, we will
use ef cient algorithms to approximately solve tBelimensional matching problem, and
provide guarantees that our approximate solutions willlbsecto the optimum.

We adopt and modify the polynomial time algorithm propose¢b6], which gives a
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solution to the weighted 3-dimensional matching probletimapproximation facto2 (but
without the additive constantas in [42]). The algorithm in [56] combines the use of the
iterative rounding method and the fractional local ratidmoel, by using the basic solution-
s of the standard linear programming relaxation of the wteigt3-dimensional matching
problems. lIterative rounding [57] is a way for designing rpgmation algorithms to ob-
tain solutions to integer programs. It begins with obtagnénbasic solution by solving a
linear programming relaxation. Then it tries to obtain aegnal solution by rounding up
variables of large values and iteratively solving the realgroblems.

LetH = (V;E) be a 3-partite hypergraph, andiet: E! R. Forv 2 V, let (v)
be the set of edges containing The weighted 3-dimensional matching problem can be

formulated as the following integer program:

X
max w(e)x(e)

e2E
X

s.t. x(e) 1,8v2V
e2 (v)

x(e) 210;19;8e2 E:

The linear programming relaxation of this integer programgiven by

X
max  w(e)x(e) (4.19)
e2E
X
s.t. x(e) 1,8v2V

e2 (v)

x(e) 0;8e2 E:

Algorithm 2 in Table 4.3 is obtained from the weighted 3-dite@nal matching algo-
rithm from [56] by adding Step 10. For are/2 E, let N[e] be the set of edges &1
having nonempty intersection with Note thate 2 N[g]. In Algorithm 5, the solutiorx of

linear program (4.19) must be basic; or else in Step 4, oneatajuarantee the existence
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Table 4.3: Weighted 3-Dimensional Matching Algorithm [56]

Algorithm 5 Weighted 3-Dimensional Matching Algorithm

=

10:

Input: H = (V;E);w: E ! R andx, wherex is a basic solution of linear program
(4.19) obtained by some linear programming algorithm.
LetF E withinitializationF = ;.

repeat
Search foranedge2 E F suchthak(N[e]\ (E F)) 2.
LetF = F [f eg.
Leti = jFj+1, and leti be the index o&.

untiil E F =

Implement Local-Ratio algorithm in Table 4.4 with inpatandw, wherew is the
weight function on the edges 6f.

Let M be the output of Local-Ratio algorithm.

Use the greedy algorithm to nd a maximal 4&f of edges, such thafl, [ Eis a
matching, andv(e) Oforalle2 E% ThenletM, My[ EC and outpui,.

Table 4.4: Local Ratio Algorithm [56]

Algorithm 6 Local Ratio Algorithm [56]

1:

o

10:
11:
12:

o akrwN

Input: HypergrapiH = (V;E),F E,w:E ! R, and an ordering of the edges in
E.
LetF%=fe2 F :w(e) > Og.
if FO=; then
Return; .
end if
Let €’ be the smallest edge R°based on the ordering &. Decompose the weight
functionw = w; + w,, where

o ow(e); ife2 N[eY:
wi(€) = 0; otherwise.
MO Local-RatiofF % w,). (Note: this is a recursion.)
if MO[f €%is a matching irH then

ReturnM °[ f €Y.
else

ReturnM °.
end if

ofanedgee 2 E F suchthatx(N[e]\ (E F)) 2. To obtain a basic solution of

the linear program (4.19), we could use some existing lipeagramming algorithm, such
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as the simplex algorithm or the dual-simplex algorithm.ded, any linear programming
algorithm, which produces a basic solution, can be used Méeemodi ed the algorithm
in [56] by adding Step 10, because the original algorithmsdoa necessarily produce a
maximal matching irH, since it only guarantees a matching with weights at leasthaff
of the optimum. So, here, we use greedy algorithm to testhenetr notM is a maximal
matching. If not, then we will ndE®, with w(e) 08e 2 E° such thaM, [ E°is a
matching. In some cases, this added step could greatly iraghe performance of the
whole algorithm.

Now, we analyze the time complexity of the above weightedr3etisional match-
ing algorithm. A basic solution of the linear programmingpsation of the weighted 3-
dimensional matching problem can be found in polynomiaktinhetH = (V;E) be a
3-partite hypergraph witiVj = n andjEj = m, letw : E ! R, and letx be a basic so-
lution of the linear programming relaxation of the corresging weighted 3-dimensional
matching problem. We show that Algorithm 2, producing a rnigig whose weights is at
least one half of the optimum, has time complexitymn? log, n).

First, we see that Steps 3 to 7 of Algorithm 2 constitute a ledgch is executed until
we haveF = E. This loop gives an ordering of edgesknto be used in implementing
Algorithm 3 (Local Ratio Algorithm). The total number of rsions of this loop isn. For
each iteration, we need to searclen F for an edgewithx(N[e]\ (E F)) 2. For
ef ciency, we construct a binary tree data structure toestbe datx(N[e]\ (E F)) for
alle2 E F suchthatthe value of any vertex in the tree is always no nane the value of
its “children”. By updating this tree in each iteration, wvacnd minf x(N[e]\ (E F)):
e2 E Fgin O() time, which is guaranteed to be no more tlanHowever, once
we adde into F, we need to delete this data in our binary tree and modify tiees of
X(N[e)\ (E F)) forthose edged’2 (E F)\ N[g]. The total number of modi cations is
O(n?), and each modi cation can be implementedi(log, n) time. Hence, each iteration

of the loop will takeO(n?log, n) Since we haven iterations, the total time of Steps 3to 7
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is O(mn?log, n).

Step 8 can be implemented®(mn?). This is because in Step 8, we call Algorithm 3
(Local Ratio Algorithm) at mostn times. In each call of Local Ratio Algorithm, we need
to constructv, andw,, which need®(n?) time. Therefore, Step 8 can be implemented in
O(mn?) time.

In Step 10, we use the greedy algorithm to nd aB&bf edgesinE My, such that
Mo [ ECis a matching withw(e) > 0;8e 2 E° So, we need to check all the edges in
E Moy, and see whether or not we can add more edgesEhtdhe total number of such
checking isO(m), and for each checking, we can complete i) time. So, Step 10
can be implemented i®(m) time.

Thus, givenH = (V;E), w : E | R, and the basic solutior, the weighted 3-
dimensional matching algorithm has approximation factam@time complexit¥9(mn? log, n).

The proposed baseline algorithm to solve the problem in) @.4ummarized in Ta-
ble 4.5. With N = M = F, The V2V clustering has a complexity @(KM ), the
complexity to construct the weighted 3-partite grap®{# ), and nally, the complexity
of the weighted 3-dimensional matching Algorithm¢M °logM ). Therefore, the total
complexity of Algorithm 7 isO(KM + M3+ M°®logM).

4.2.2 GreedyResourceéillocation

Built on the baseline resource allocation in Algorithm 7,fuether propose a greedy al-
gorithm, which substantially improves the system perfaroga Before delving into details,
we brie y introduce the main problem setup and the motivafar such a greedy approach.
We claim that with the power optimization control and 3-dims®nal resource matching
introduced in Sections 4.2.1 and 4.2.1, respectively, tigeir@al problem in (4.4) can be
described as follows: Given a real value functgfn) de ned onX = f(X1;X2;  ;Xk):
xk2fl, ;Ngk2fl  ;Kgg nd x 2 X suchthag(x) is maximized.

As introduced earlier, we havé V2V links and N clusters. Let the vectox =
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Table 4.5: Baseline Graph-based Resource Allocation

Algorithm 7 Baseline Graph-based Resource Allocation
1: Use Algorithm 4 to divideK V2V links into N clusters, denoted b§;; :Cn.

2.for m=1: M do

3: forn=1:Ndo

4: for f =1:F do

5 Use (4.16) and (4.17) to nd the optimal V2l and V2V transnuiyers, respec-
tively.

6: Compute the V2I capacit®m [f ], with the optimized power control parame-
ters.

7 end for

8: end for

9: end for

10: Construct a 3-partite graph, where tMeV2I links, F RBs, andN V2V clusters form
the vertices in three layers and the weight for each V2I-RB/Aédge is set t& ., [f ].

11: Use Algorithm 5 to nd a matching solutioll .
12: Return the 3-dimensional matching (spectrum sharing)ltréég and the correspond-
ing power allocatiorf (P, ; Plf;f )g.

(X1;  ;Xxg) denote the situation that theh V2V link is put into thexyth cluster, for
k2f1,2  ;Kg Letg(x) denote the objective function value of (4.4), after execut-
ing Algorithm 7, corresponding to the allocation of V2V Imknto N clusters based on
X. More preciselyg(x) = P Fm, With rp, = P mf 106(1+ [¢). Up to this end, it
is easy to see that our proglem in (4.4) is traInsformed tongdi 2 X such thaig(x) is
maximized. Obviously, ndingx 2 X to maximizeg(x) cannot be solved in polynomial
time with respect t& andN, as a general integer program problem is NP-hard.

The essential idea behind our greedy approach is to rst uger&hm 4 as an initial-
ization, and then for each of thé V2V links, sequentially decide the best cluster to join,
where the sum V2| capacity is determined by executing Atbari7. This whole process
is repeated for several times until convergence or untigtoound is reached. Formally, the
algorithm is listed in Table 4.6The complexity iO(C(K2M 2 + KM 4+ KM 8logM)),

whereC is the number of iterations for the greedy algorithm to cogee
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Table 4.6: Greedy Resource Allocation

Algorithm 8 Greedy Resource Allocation

1: Initialize x = (Xq; Xz; ; Xk ) using Algorithm 4.

2: repeat

32 fork=1:K do

4 Initialize an all-zero vectow = ((wy; Wy; ;wy ) of lengthN.

5 forn=1:Ndo

6: if kth V2V is not the only link in its current clustéhen

7 Setxy = n.

8 Execute Steps 2-12 of Algorithm 7 to obtain the matchingtsahM , based
onx and the corresponding power alllgcati‘t(rlP,‘;];f ; Plgf )Q.

9: Compute the sum V2| capacigfx) =  r, using the matching (spectrum

m

sharing) solutiorM, and the optimized powefgP; ; Plf;f )g.

10: Setw, = g(x).

11: end if

12: end for

13: Setx, = n withn = argmrgan.

14:  end for

15: until Convergence
16: Return the 3-dimensional matching (spectrum sharing)lréég and the correspond-
ing power allocatiorf (P ; P& )0.

4.2.3 RandomizedResourcdllocation

We observe that with the power optimization control and Bahsional resource match-
ing introduced in Sections 4.2.1 and 4.2.1, respectively,driginal problem in (4.4) is
essentially a combinatorial problem as described in Secti@.2. The greedy algorithm
proposed in Table 4.6 tends to get trapped at a local optimlich might be far away
from the global optimum due to the combinatorial nature ef pinoblem. To address this
issue, we propose a randomized procedure in this subseatiane a V2V link is allowed
to join a suboptimal cluster with an appropriate probapilissociated with its achieved
sum capacity. The proposed randomized algorithm is listé@ble 4.7, where we use the
generic symbols de ned in Section 4.2.2 for notational castpess.

For this randomized algorithm, let™ = (x1;X; TXk 10N X1 | ; Xk ) and
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Table 4.7: Randomized Resource Allocation

Algorithm 9 Randomized Resource Allocation
1: Initialize x = (X1;X2;  ; Xk ), ampli cation coef cienta 1, the number of itera-
tionsl, temperatur@d , and maximum temperatuiig,ay .
2.fori=1:1do

3: ifa T Ty then

4: T aT.

5. endif

6: fork=1:K do

7 Letx(™ = (X1;Xz; Xk 1;M X1 5Xk);n=1;2;  ;N.

8: Letw = (Wi Wy,  ;wy) Withw, = g(x™);n=1;2  ;N.

9: Letw = exp(FT w).

10: Letw = w=(" |, W,).

11: Generate a random numider2 (0; 1) accoqgling to standard uniform distribution,
and letr be the minimum number such that;_, w, > R.

12: Letx, =r.

13:  end for

14: end for

15: Return the 3-dimensional matching (spectrum sharing)lréég and the correspond-
ing power allocatiorf (P ; Plf;f )g.

w, = g(x™), forn = 1;2; ;N. We calculatew = (w1, Wy, ;wy). Instead of
choosingxy such tha( ) is maximized as in the greedy approach listed in Algorithm 8,
we will probabilistically updatex, to an appropriate cluster using the procedure described
below. We amplify each entry af by some factoil, termed asemperatureand then let

w = exp(T w). Our goal here is to make large entrigs larger, such that when trans-
formed into a probability distribution, those large ergridéw will have corresponding large
probabilities. Next, we normalize to get a probability distributiomv with : w, = 1.
Based on this distribution, we will determine the valuex@f Obviously, t?l_c;se choices
of xx with larger corresponding objective function valge) will be more likely chosen.
However, we also allow to take a value with smaller corresponding objective florcti
since it may induce larger objective function value in fetiterations. After each sweep

of all V2V links, we will change our temperature parameterseytingT = a T such

that in the next iteration, it is more likely for us to pick thamber with the largest objec-
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tive function value forxx. Such a procedure makes the iteration process more statble an
could potentially avoid being trapped at a local optimumteéNibat we also set a parameter
Tmax- Whena T > T4, we will not updatel. This is because it is too large, then

in practice, we may get 1 in calculation. Herea and T« are empirical parameters,
which will be determined in the simulation experimen®ease note that the complexity
of the proposed randomized algorithm is essentially closkd greedy resource allocation

in Algorithm 8, which isO(C(K2M? + KM 4+ KM 8logM)) with C depending on the
number of iterations for the algorithm to converge.

The intuition of this randomized algorithm is obtained fregimulated annealing [58],
which is a probabilistic technique for approximating thelgdl optimum of a given func-
tion. When the search space is discrete and large, simuateelaling is useful for ap-
proximating global optimization. The temperature paranptays an important role in the
simulated annealing algorithm. When the temperature petemis large, the algorithm
will more likely accept a bad move. Normally, the distrilmrtiused to determine whether
or not we accept a bad move is known as Boltzmann distribufidthe beginning of sim-
ulated annealing, the temperature will be set to a very rhaghkllto ensure that the space
in which we search for a solution is large. Moreover, the terafure will decrease as the
search proceeds. When the temperature reaches a very lelthealgorithm becomes a
greedy hill-climbing algorithm and the approximate sajas will converge to an optimal
solution. If we decrease the temperature more slowly, theratgorithm can approximate
a global optimum with higher probability.

Instead of using Boltzmann distribution to calculate thebability of accepting a state
when applying simulated annealing, we use the temperatananeter and ampli cation
coef cient in our randomized algorithm. the temperature is highhen our algorithm is
less likely to accept a bad move, which is opposite to the kitad annealing algorithm.
The ampli cation coef cient controls the increasing speefdthe temperature parameter.

If the ampli cation coef cient is extremely close ta, then the algorithm will eventually
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Table 4.8: Resource Allocation with Slow Fading CSI

Algorithm 10 Resource Allocation with Slow Fading CSI

1: Use Algorithm 4 to divideK V2V links into N clustersCy; :Cy.

2: Use Algorithm 9 to update the clustering result, where thtenogd power control pa-
rameter is obtained from solving (4.20) and Hungarian atlgorin [33] is used to nd
the matching between tid V2I links andN V2V clusters.

3: Return the matching (spectrum sharing) result and the sporeding power allocation

f(Pg  Pém) Q-

converge to a global optimum like simulated annealing, bth@&expense of dramatically
increased implementation time. Therefore, in practiceywieset the ampli cation coef-
cient large to make the approximate solution converge klyicAlthough in theory, the
algorithm may lead to a local optimum, it works well in praeti as demonstrated by our

simulation results.

4.3 Resource Allocation with Slow Fading CSI

In this section, we consider the resource allocation prabihen the vehicular net-
works further reduce signaling overhead by adapting spectllocation and power con-
trol to slow fading CSI. In this case, in spite of the availipiof fast fading CSI for links
connecting the BS, such information is not used in the resoaliocation process.

In the rst step, Algorithm 4 will be used to nd appropriate2¥ clustering result,
which will be used in later stages.

As the slow fading components are assumed to be frequengy.eatindependent of
the RB index , the original problem in (4.4) will be transformed to a preiol for nding
a matching between thd V2I links and theN V2V clusters, which is then a maximum
matching problem for weighted bipartite graphs and can hedef ciently in polynomial

time by the Hungarian algorithm [33]. More precisely, thadle combination will only be
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indexed by(m; n) instead of(m; f; n ) and the associated power control problem becomes
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The same procedure in 4.2.1 can be executed to nd a solubidhe above formulated
power control problem. Finally, we will exploit the randarad procedure in Algorithm 9
to optimize the clustering process and improve the systeforpeance. The algorithm for
resource allocation with slow fading CSl is listed in Tabl8,4vhose essential complexity
isO(C(K2M? + KM 2 + KM %)) with C depending on the number of iterations for the

algorithm to converge.

4.4 Simulation Results

In this section, simulation results are presented to viditlee proposed spectrum and pow-
er allocation algorithms for D2D-based vehicular netwokke follow the simulation setup
for the freeway case detailed in 3GPP TR 36.885 [10] and medallti-lane freeway that
passes through a single cell where the BS is located at itercas illustrated in Fig. 4.1.
The vehicles are dropped on the roads according to spatsgdtoprocess and the vehicle
density is determined by the vehicle speed. ™é/2l links are randomly chosen among
generated vehicles and tke V2V links are formed between each of the V2I transmitter
with its closest surrounding neighbors. The major simataparameters are listed in Ta-

ble 4.9 and the channel models for V2| and V2V links are descrin Table 4.10. Note
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Table 4.9: Simulation Parameters [10, 47]

Parameter Value
Carrier frequency 2 GHz
Bandwidth 10 MHz
Cell radius 500 m
BS antenna height 25m
BS antenna gain 8 dBi
BS receiver noise gure 5dB
Distance from BS to highway 35m
Vehicle antenna height 15m
Vehicle antenna gain 3 dBi
Vehicle receiver noise gure 9dB
Absolute vehicle speed 70 km/h

Vehicle drop model

spatial Poisson process

Number of lanes

3 in each direction (6 in tot

tal)
Lane width 4m
Average inter-vehicle distance 2:5v,vin m/s.
SINR threshold for V2V § 5dB
Reliability for V2V pg 0.01
Number of V2I linksM 10
Number of V2V linksK 30
Maximum V2| transmit poweP,, 17,23 dBm
Maximum V2V transmit powePZd., 17,23 dBm
Noise power 2 -114 dBm

Table 4.10: Channel Models for V2I and V2V Links [10]

Parameter V2I Link V2V Link

128.1 + 37.6g,;,d, din | LOS in WINNER +
Pathloss model Kkm B1 [48]
Shadowing distributiony Log-normal Log-normal
Sha_dqwmg standard8 dB 3dB
deviation
Fast fading Rayleigh fading Rayleigh fading

that all parameters are set to the values speci ed in Tabeardd 4.10 by default, where-

as the settings in each gure take precedence wherevercadi. In the simulation, the

number of V2V clusterd\, is set to be equal to the number of V2I links,.

Fig. 4.4 compares the CDF of the instantaneous sum V2| dgpachieved by the
proposed algorithms against the benchmark CROWN schensdaged in [28] and its ex-
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tended version, termed CROWN-F, where we have exploitechétbod in [28, Lemma 1]
to generate an equivalent SINR threshold in terms of the &admng CSI. In the CROWN-
F scheme, we randomly allocate orthogonal RBs to V2I linkd #ren make use of the
available fast-fading CSI of links terminating at the BS;luding gn.s andgg.s , to per-
form spectrum and power allocationVe observe that all of the proposed algorithms, i.e.,
Algorithms 4, 5, 6, and 7 outperform the benchmark CROWN aR®DW@N-F schemes.
In particular, the proposed greedy approach (Algorithmris) emndomized resource allo-
cation (Algorithm 6) achieve substantially improved penfiance compared with the base-
line scheme (Algorithm 4) at the cost of increased compyexifurther adjusting the V2V
clustering. It is noted that the CROWN-F scheme and Algorght, 5, and 6 use the slow
fading CSI of mobile links, i.e., links among vehicles whal@apting to the fast fading CSI
of links involving the BS. In contrast, Algorithm 7 and thenebmark CROWN scheme
only adapt to the slow fading CSI of all links in the systempitesthe availability of fast
fading CSI of BS-involved links, thus incurring reducedwetk signaling overhead. For
the same level of signaling overhead, Algorithm 7 signi tgoutperforms the benchmark
CROWN scheme due to its ne tuning of V2V clustering throubk proposed randomized
procedure. Surprisingly, Algorithm 7 can even approachpirdormance of the baseline
Algorithm 4, which adapts to fast fading CSI but has not erpgtbthe proposed greedy or
randomized procedures to further adjust V2V clustering.

The reliability of V2V links is demonstrated in Fig. 4.5, wiee¢he CDF of the instan-
taneous SINR of an arbitrary V2V link has been plotted. Frbm gure, all proposed
algorithms and the benchmark CROWN and CROWN-F schemes\aztiie SINR thresh-
old, § =5 dB, at the targeted outage probabilitymf= 0:01, justifying the effectiveness
of the reliability guarantee of the proposed resource atioo schemes. In addition, the
observation that the SINR threshold is achieved fairly eatgly veri es the tightness of
the outage upper bound in (4.8), used to facilitate the daom of power control designs.

Fig. 4.6 shows the performance of the proposed greedy artbmaimed algorithms

76



100 r T T

O’Q(
# K
o A
;{ X
/
% A
/
/A
" o
Q10lf ! #
¢
| A
¢ Il X+ Algorithm 4
| A —G-- Algorithm 5
/ —+— Algorithm 6
é | —¥— Algorithm 7
/ —&~ CROWN
/ 4{ —A- CROWN-F
10.2 @ - 1 . 1 i 1 1 1
70 80 90 pl00 110 120 130 140

rm (bps/Hz)

m

Figure 4.4: CDF of instantaneous sum V2| capacity with Rayldading andPd_ =

PS.«= 23 dBm.

100 F T T T

X+ Algorithm 4
— G-+ Algorithm 5
—+— Algorithm 6
—%— Algorithm 7
—O~ CROWN

—A- CROWN-F

10

CDF

-10 0 10 20 30 40 50
SINR (dB)

Figure 4.5: CDF of instantaneous SINR of V2V links with Ragtefading,Pd,, = P, =
23dBm, SINR thresholdd = 5 dB, and targeted outage probabiliy= 0:01

77



125 T T T T T T T T

—O— Algorithm 5

—>— Algorithm 6

—&— Algorithm 7
~ 120
<
a O = O
2
£ o115 |

n E
2
o
S
c 110 J
o
N
>
:E5 N /N N
n 105 ¥ g 3
100 1 1 1 1 1 1 1 1
1 2 3 4 5 6 7 8 9 10

Iteration

Figure 4.6: Sum V2| capacity with increasing iterationsaridomized clustering, assum-
ingP3_, = P&y =23 dBm.
with an increasing number of iterations to update V2V clastg From the gure, the
greedy approach (Algorithm 5) quickly converges to a logdiraum and will not improve
as the iteration number increases while the randomizedrigo 6 keeps increasing and
nally converges to a better solution. The advantage of #relomized procedure is better
exempli ed by Algorithm 7, where the performance can sllglitecrease at the rst few
iterations and nally converge to a good solution. This destoates the effectiveness of the
probabilistic approach of approximating the global optimaf a combinatorial problem.
Please note that in the simulation, we have deliberateltheeampli cation coef cient in
the randomized procedure to be large for quick convergemcese performance turns out
to be desirable. In practice, trial and error need to be padd to ne tune the parameters.
Fig. 4.7 shows the sum V2| capacity of the two proposed ranzesralgorithms with
an increasing vehicle speed. We observe that the sum V2titgud both Algorithms 6
and 7 decreases as the vehicle speed increases. This istdattte growing vehicle speed

induces sparser traf ¢ on the highway according to our satioh model as described in
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[10]. Here, in order to guarantee the reliability of V2V Igkncreased V2V transmit power
is needed to compensate for higher path loss of the V2V sigrainels and, meanwhile,
less interference from V2I transmitters can be tolerateti@l/2V receivers. As a result,
the maximum allowed transmit power of V21 links will be rasted and more interference
from V2V links is generated towards the V2I links, whose aatyawill thus decrease.
From Fig. 4.7, itis interesting to note that the sum V2I catyatecrease of both Algorithms
6 and 7 is approximately linear in growing vehicle speed, e vehicle speed roughly has
a uniform impact on the sum V2I capacity. In addition, an @ase of maximum transmit
power of vehicular links, froml7 to 23 dBm, improves the sum V2| capacity and such
capacity improvement is also roughly uniform with respedhie vehicle speed.

Fig. 4.8 demonstrates the impact of the number of active M@kslon the quality of
V21 connections. We observe from the gure that the sum V3lamty of both Algorithms
6 and 7 decreases as the number of V2V links grows larger. ddsons for such capacity

decrease are two fold. On the one hand, with more active Vi2Zkélieach V21 link needs
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to share the spectrum with more V2V links simultaneouslygiiarantee the reliability of
all of these V2V links, the interference from V2I transmitgeeds to be controlled and
thus the allowed transmit power of V21 links will be restadt leading to decreased V2I
signal power. On the other hand, more interference fromrbeeased number of sharing
V2V links will be generated towards the V2l links, which foer reduces the received
SINR of V2I links. We also note that the system performancélgbrithms 6 and 7 is
very sensitive to the V2V link increase when only a few V2\kkrexist to share spectrum
with V21 links, as evidenced from the steep slope of the capaarve. Such performance
degradation becomes less signi cant when the number of \it2k&lgrows beyond 5 times
that of V21 links, which can be attributed to the fact that W&V interference towards V2I
link is very severe in these cases and the sum V2| capaciigrsigni cantly, leaving very
little room for further performance degradation. Besidles,sum V2| capacity increases as
the transmit power budget grows frakito 23dBm. However, such capacity gain becomes

marginal when the number of active V2V links grows large.
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4.5 Summary

In this chapter, we studied the resource allocation probtem2D-based vehicular net-
works, in which each V2l link shares spectrum with multipl2WIlinks and the BS only
has access to the slow fading CSI of all vehicular links ektepse terminating at the
BS. We exploited graph partitioning algorithms to divideWlihks into disjoint spectrum-
sharing clusters to minimize mutual interference beformidating the spectrum allocation
problem as a weighted 3-dimensional matching problemeddkrough adapting a high
performance approximation algorithm. We also proposeddy@nd randomized resource
allocation schemes based on our baseline algorithm, lgadisubstantially improved per-
formance. To further reduce network signaling overheaddexeloped a low-complexity

randomized algorithm, which adapts to the slow fading CSllbfehicular links.
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CHAPTER 5
RESOURCE ALLOCATION WITH MULTI-AGENT REINFORCEMENT
LEARNING

The majority of existing resource allocation methods fohigalar communications rely
on some level of channel information, large- or small-sciale discrete and independent
manner. That is, they ignore the dynamics underlying chlaawradution and thus nd dif-
culties in providing direct answers to problems of sequalature, such as the require-
ment of “successfully transmittinB bytes within timeT”, commonly seen in vehicular
networks.

Reinforcement learning (RL) has been shown effective inresking a wide variety
of sequential decision making problems [59]. In particutacent success of deep RL in
human-level video game play [60] and Alpha Go [61] has sghekeurry of interest in the
topic and remarkable progress has been made ever sinceiadlyga the domain of multi-
agent RL. For example, a deep RL based approach has beeopukyéh [62] to address
job scheduling in computing clusters such that the avemagslpwdown is minimized. We
believe RL is also well-suited to resource allocation peofs in vehicular networks in that
it can train for objectives that are hard to model or optimiza principled manner, such
as the “transmitting bytes withinT” example. Another potential advantage of using RL
for resource allocation is that distributed algorithms bamade possible, as demonstrated
in [63], which treats each vehicle-to-vehicle (V2V) link as agent that learns to re ne
its resource sharing strategy through interacting withulenown vehicular environment.
Detailed discussions of the challenges and opportunifiapaying RL, or more generally
machine learning, in vehicular networks have been predeni®4] and interested readers
are referred there for an overview.

In this chapter, we consider the spectrum sharing problelgh mobility vehicular
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Figure 5.1: An illustrative structure of vehicular netwsrk

networks, where multiple V2V links attempt to share the frexacy spectrum preoccupied
by vehicle-to-infrastructure (V2I) links. Different fropure graph-enabled centralized [65]
or RL-based decentralized [63] resource allocation methed develop a semi-distributed
spectrum sharing scheme such that decision-making is lmesadnix of fast-varying local
observations and slowly-changing global large-scalenfgdiformation, seeking to harness
the bene ts of both. In addition, the spectrum access of ipleltv2V links is naturally
modeled as a multi-agent problem and we ask if recent pre@fasulti-agent RL [66, 67]
can be exploited to enable each V2V link to learn from its owpegiences while working
cooperatively to optimize system-level performance.

The rest of the chapter is organized as follows. The systemeinis presented in
Section 5.1. We introduce the basics of RL and the multi-aB&rbased resource sharing
design in Section 5.2. Section 5.3 provides our experimesults and concluding remarks

are nally made in Section 5.4.
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5.1 System Model

Consider a vehicular communications network wilhVV2l andK V2V links, shown in
Fig. 5.1. The V2I links conned? vehicles to the base station (BS) to support bandwidth
intensive applications, such as social networking and ensleaming. Th& V2V links
are formed among vehicles, designed with high reliabilitghsthat safety critical infor-
mation can be shared among neighboring vehicles reliablhe form of localized D2D
communications. We assume all transceivers use a singdaraat The set of V2I links and
V2V links are denoted bl = f1; ;MgandK = f1;, ;Kg,respectively.

In this chapter, we assume that tkle V2I links (uplink considered) have been preas-
signedM orthogonal spectrum bands, one for each. To improve spetiteency, these
bands are reused by tie V2V links. In practice, the number of V2V links tends to be
much larger than that of V2I links, i.eK M, making spectrum reuse among V2V
links necessary. As a result, the major challenge is to desigef cient spectrum sharing
scheme for these V2V links such that both types of vehicind&slachieve their respective
goals with minimal signaling overhead.

The channel power gaim[m], of thekth V2V link over themth band (occupied by
themth V2I link) follows

ak[m] = khe[m]; (5.1)

wherehy[m] is the frequency dependent fast (small-scale) fading p@wesrponent and

assumed to be exponentially distributed with unit mean, apdaptures the large-scale
fading effect, including path loss and shadowing, assurodeketfrequency independent.
The interfering channel from thi€th V2V transmitter to thekth V2V receiver over the

mth band,gkex[m], the interfering channel from thieth V2V transmitter to the BS over
the mth band,g«.g [m], the channel from thenth V2I transmitter to the BS@..5 , and

the interfering channel from theath V2| transmitter to thekth V2V receiver,§mn., are
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similarly de ned.
The received signal-to-interference-plus-noise rat®dlRs) of themth V21 link and

thekth V2V link (over themth band) are expressed as

c — P Pncwgm;B .
" e mipgmigea ] (5:2)
and
d
dm] = sz[in]ﬁl(k[[m”}]; (5.3)

respectively, wher®g andPd[m] denote transmit powers of timeth V2I transmitter and

thekth V2V transmitter over thenth band, respectively,? is the noise power, and

X
I [m] = PR Omk + ko[MIP&[M]gox [m]; (5.4)
K% k

denotes the interference powery,[m] is the binary spectrum allocation indicator with
k[m] = 1 implying thekth V2V link uses themth band and ([m] = O otherwise. We

P
assume each V2V link only accesses one band, i.e,,[m] 1.
m

Capacities of the V2l and V2V links are obtained as
Cr = Wlog(1+ f); (5.5)
and
Cilm] = Wlog(L+ {[m]); (5.6)

whereW is the bandwidth of each spectrum band.

Per requirements of different vehicular links, the objeetis to design power con-
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trol and spectrum allocation schemes that simultaneouakimize the sum V2| capacity,

P
Cg,, and the V2V payload transmission probability,

m

(XT i )
Pr «MICm;t] B= : ;k2K; (5.7)

t=1 m=1
whereB is the payload size, 1 is channel coherence time, is the payload generation

period, and the indeiis added inCJ[m; t] to indicate V2V capacity at different time slots.

5.2 Multi-Agent RL Based Resource Allocation

After brie y introducing the basics of RL as well as its muétgent variant, we formu-
late the spectrum sharing design in vehicular networks aslté-agent RL problem. For

detailed treatment of RL, we refer interested readers tp [59

5.2.1 Reinforcementearning

RL addresses the problem of sequential decision makingrendue agent learns to map
situations to actions so as to maximize certain numerioehres through interacting with
the environment. Mathematically, the RL problem can be rreztias a Markov decision
process (MDP). As shown in Fig. 5.2, at each discrete timp stéhe agent observes
some representation of the environment sgtérom the state spac8, and then selects
an actionA; from the action sef. Following the action, the agent receives a numerical
rewardR.; and the environment transitions to a new stte, with transition probability
p(sCrjs; @), PrfSui = s%Rua = rjSt = s;A = ag.

In RL, decision making manifests itself in a policyajs), which is a mapping from
states inS to probabilities of selecting each action . The goal of learning is to
nd an optimal policy that maximizes the expected retu@ from any initial state
s, whereG; is de ned as the cumulative discounted rewards with a distoate |, i.e.,

P

Gt = th+ k+1 Wlth O 1.
k=0
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Figure 5.2: The agent-environment interaction in a reicgéanent learning problem.

Q-Learning

Q-Learning [68] is a popular model-free method (meaninglieigknowledge of MDP
dynamicsp(s® rjs; a) is not required) to solve RL problems. It is based on the cpnhce
of action-value functiong (s;a) for policy , which is de ned as the expected return
starting from the stats, taking the actiom, and thereatfter following the policy, formally

expressed as
q(s;a)=E [GijS = s;A = a]: (5.8)

The action-value function of the optimal poliay,(s; a), satis es recursive relationships,

known as the Bellman optimality equation:

X h i
q(s;a=  p(sirjs;a) r+ maxq(sta) ; (5.9)
a

sOr

for any states, actiona, successor stat® and actiona’. In principle, one can solve the

systems of nonlinear equations @(s; a) if the dynamicg(s® ajs; a) are known. Once
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g is obtained, it is easy to determine the optimal policy:

8
‘ 51; if a=argmaxq (s;a);
(ajS) - S a2A (5.10)

© 0; otherwise

Q-learning avoids the dif culties of acquiring exact dyniasip(s® aJs; a) and directly
solving the nonlinear optimality equations in (5.9) andrésto an iterative update method,
given by

h [
QS A)  Q(S;A)+  Rpa + maaXQ(SHl;a) Q(Si; AY) (5.11)

where is the step-size parameter and the choicAoih stateS; follows some soft poli-
cies, e.g., the-greedy policy, meaning that the action with maximal estedavalue is
chosen with probabilityl while a random action is instead selected with probability
It has been shown in [59] that with a variant of the stochagtigroximation conditions on
and the assumption that all state-action pairs continue togalatedQ converges with

probability1 to the optimal action-value functian.

Deep Q-Network with Experience Replay

In many problems of practical interest, the state and adj@te can be too large to store
all action-value functions in a tabular form. As a resultisittcommon to use function
approximation to estimate these value functions. Anotlosaatage of doing so is the
generalization ability from limited seen state-actionrpdo produce approximation in a
much larger space. In deep Q-learning [60], a deep neuralonktparameterized by,
called deep Q-network (DQN), is used to represent the actaure function. The state-
action space is explored with some soft policies, e @teedy, and the transition tuple
(St; At; Ris1; St+1) Is stored in a replay memory at each time step. The replay memo

accumulates experiences over many episodes of the MDP.cht ftap, a mini-batch of
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Figure 5.3: The agent-environment interaction in a mujeat reinforcement learning
problem.
experienced are uniformly sampled from the memory for updatingvith variants of
stochastic gradient-descent methods, hence the nameengeereplay, to minimize the
sum-squared error:

X h P

R+ + mang(St;a“, ) QS A ) (5.12)
D

where are the parameters of a target Q-network, which are duplicabm the training
Q-network parametersperiodically and xed for a couple of updates. Experiencelag
improves sample ef ciency through repeatedly samplingextoexperiences and breaks

correlation in successive updates, thus also stabiliaaging.

5.2.2 Multi-Agent Reinforcement.earning

Different from single-agent RL, the multi-agent RL problesatup consists of multiple
agents, denoted by2 I = f1; ;Ig, concurrently exploring the unknown environment
[66, 67]. The underlying MDP is described in the followings shown in Fig. 5.3, at each
time stept, given the current environment steffg each ageni receives an observation

z of the environment, determined by the observation fundBasz’ = O(S;i), and

89



then takes an actioh?), forming a joint actiom ;. Thereafter, the agent receives a reward
R; and the environment evolves to the next s&te with probabilityp(s® rjs;a). Please
note that all agents share the same reward in this article that cooperative behavior is
encouraged among them.

Independent Q-learning [69] is among the most popular nistho solve multi-agent
RL problems, where each agent learns a decentralized gmdi®gd on its own action and
observation, treating other agents as part of the envirahniowever, naively combining
DQON with independent Q-learning is problematic since eaggnawould face a nonsta-
tionary environment while other agents are also learningdjoist their behaviors. The
issue grows even more severe with experience replay, whithei key to the success of
DQN, in that sampled experiences no longer re ect curremadyics and thus destabilize

learning.

5.2.3 Resourcesharingwith Multi-Agent RL

In the investigated resource sharing scenario illustratédg. 5.1, multiple V2V links at-
tempt to access limited spectrum occupied by V2I links, Wwihwould naturally be modeled
as a multi-agent RL problem. Each V2V link acts as an agentirtedacts with the un-
known communication environment to gain experiences, whre then used to direct its
own policy design. Multiple V2V agents collectively expdothe environment and re ne
spectrum allocation and power control strategies basedh@n éwn observations of the
environment state. While the resource sharing problem maga a competitive game,
we turn it into a fully cooperative one through using the saaveard for all agents, in the
interest of global network performance.

The proposed multi-agent RL formulation bases resourcerghdesign on a mix of
fast-varying local observations of each individual V2\Kiand the slowly-changing global
large-scale fading information. The global informationcilected at the BS and then

broadcasted to all vehicles in its coverage [70], as evieema the following observation
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space design. It is noted that we focus on settings with akréd learning and semi-
distributed execution. This means in the learning phasegtbbal performance-oriented
reward (to be de ned in the following) is readily accessitidesach individual V2V agent,
which then adjusts its actions towards an optimal policysT$a feasible practice since our
group of V2V agents are trained on an environment simul&tidhe execution phase, each
V2V agent receives a mix of local fast-varying observatiohshe environment and the
periodically broadcasted global channel information, treh selects an action according
to its trained DQN on a time scale on par with the local obg@a. Key elements of the

multi-agent RL based resource sharing design are desdrided in detail.

State and Observation Space

In the multi-agent RL formulation of the resource sharingigdem, each V2V link acts as
an agent while everything beyond itself is treated as patt@&nvironment. The true envi-
ronment state$;, which could include global channel conditions and all dgdrehaviors,

is unknown to each individual V2V agent. Each agent can oofjuae knowledge of the
underlying environment through the lens of an observatimetion. In part, the observa-
tion space includes the global large-scale fading infoiomat.e., = f ; wok; k8;*ms; “mk0,
forallk 2 K andm 2 M , which varies slowly and can be periodically collected & th
BS and broadcast to all vehicles. Additionally, the obsgovespace of an individual V2V
agentk contains fast-changing local information, including itgosmall-scale channel fad-
ing, hg[m], for allm 2 M , interference channels from other V2V transmittérg, [m],

for all k° 6 k andm 2 M , the interference channel from its own transmitter to the BS
hy.g [m], for allm 2 M , and the interference channel from V2I transmitténs,k, for all

m 2 M . The relationship between overall channel ggirand small-scale channel fading,
h, is givenin (5.2). The received interference power ovebafids]«[m], forallm 2 M ,
expressed in (5.4), can be measured and introduced in thldoservation. In addition, the

local observation space also includes the remaining V2\lgaaly B, and the remaining
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time budgetT. Hence, the observation function for an agleid
O(Si; k) = T ;Bi; Ti; FHi[M]gmam 9; (5.13)

with Hg[m] = f he[m]; hgo [m]; hie [M]; A s 1c[m]g.

To address the issue of combining independent Q-learnitiy BQN as discussed in
Section 5.2.2, we adopt the ngerprint-based method dg@ezldn [67]. The idea is that
while the action-value function of an agent is nonstatignaith other agents changing
their behaviors over time, it can be made stationary comtil on other agents' policies.
This means we can augment each agent's observation spdctanvédstimate of other a-
gents' policies to avoid nonstationarity, which is the edsd idea of hyper Q-learning
[71]. However, it is undesirable for the action-value fuastto include as input all param-
eters of other agents' neural networks,;, since the policy of each agent consists of a
high dimensional DQN. Instead, it is proposed in [67] to dynpclude a low-dimensional
ngerprint that tracks the trajectory of the policy chandeother agents. This method po-
tentially works since nonstationarity of the action-vafuaction results from changes of
other agents' policies over time, as opposed to the politiemselves. Further analysis
reveals that each agent's policy change is highly corrdlafiéh the training iteration num-
bere as well as its rate of exploration, e.g., the probabilityasfdom action selection, in
the -greedy policy widely used in Q-learning. As a result, wdude both of them in the

observation for an ageRs, expressed as
z%) = £O(S;; ko) €; - (5.14)

Action Space

The resource sharing design of vehicular links comes dowvtimetgpectrum band selection

and transmission power control. While the spectrum ndiubaéaks intavl disjoint bands,
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each preoccupied by one V2l link, the V2V transmission pawpically takes continuous
value in most power control literature. In this chapter, boar, we limit the power control
options to four levels, i.e[23;10;5; 0] dBm, for the sake of both ease of learning and
practical circuit restrictions. As a result, the dimensidithe action space ¥ M, with

each action corresponding to one particular combinatidsaafl and power selection.

Reward Design

What makes RL patrticularly appealing for solving problemthward-to-optimize objec-
tives using precise mathematical methods is the exibiiityits reward design. In the
studied V2X spectrum sharing problem, our objectives addld: maximizing the sum
V2| capacity while increasing V2V payload transmissioncass probability.
In response to the rst goal, we simply include the instaetaus sum V2| capacity,
Cg (1), in the reward at each step. To achieve the second goal, veeagieward of
th“g each V2V agent if the payload transmission is nishedhat ¢urrent step, and O for
all other cases. We observe that if setting the discount ratel, the designed reward
encourages each agent to nish payload transmission teeetiigher reward values but
will not distinguish if the nishing moment comes early ottdéa A salient feature of this
design is that the system can now learn to balance the progféise two spectrum sharing
objectives. For example, the V2V agent may choose to lovggoatver for the bene t of
V2| capacity improvement if it is optimistic about its owntfuwe transmission instead of

always sel shly increasing power to nish early.

Speci cally, we set the reward at each time stegs

X X
Ri= ¢ Crt)+ ¢ Ly (t); (5.15)

m k

whereL(t) is the V2V reward component designed as described aboyand 4 are

positive weights to balance V2I and V2V objectives.
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Algorithm 11 Resource Sharing with Multi-Agent RL
1: Start environment simulator, generating vehicles andslink
2: Initialize Q-networks for all agents randomly
3: for each episoddo

4:  Update vehicle locations and large-scale fading

5 ReseB, = B andT, = T, forallk 2K

6: for each step do

7 for each V2V agenk do

8 Observit(k)

9: Choose actioﬁ\Ek) from Zt(k) according to -greedy policy
10: end for
11 Update channel small-scale fading
12: All agents take actions and receive rew&d,;
13: for each V2V agenk do

14: Observit('j{

15: Store Zt(k); AE"); Ris1; Zt(',f} in replay memonbDy

16: end for

17:  end for

18: for each V2V agenk do

19: Uniformly sample mini-batches from
20: Optimize error between Q-network and learning targets2)susing variant of

stochastic gradient descent

21: end for
22: end for

Training Algorithm

We focus on an episodic setting with each episode spannagdfety message gen-
eration periodT. Each episode starts with a randomly initialized environtretate (de-
termined by the initial transmission powers of all vehicuiaks, channel states, etc.) and
a full V2V load of sizeB for transmission, and lasts until the endTof The change of
channel small-scale fading triggers a transition of tharenwent state and causes each
individual V2V agent to adjust its actions.

Each V2V agenk has a Q-network that takes as input the current observzﬁlfirand
outputs the value functions corresponding to all actione.téin the Q-networks through

running multiple episodes and, at each training step, aV @8ents select their actions
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Table 5.1: Simulation Parameters [10, 47]

Parameter Value

Number of V2I linksM 4

Number of V2V linksK 4

Carrier frequency 2 GHz

Bandwidth 4 MHz

BS antenna height 25m

BS antenna gain 8 dBi

BS receiver noise gure 5dB

Vehicle antenna height 15m

Vehicle antenna gain 3 dBi

Vehicle receiver noise gure 9dB

Absolute vehicle speed 36 km/h

Vehicle drop and mobility model Urban case of A.1.2 in [10]
V2l transmit powelP © 23 dBm

V2V transmit poweiP 9 [23,10,5,0] dBm
Noise power 2 -114 dBm

V2V payload generation period 100 ms

V2V payload size [1,2; ] 1060 bytes

" We shrink the height and width of the simulation area by adfaof 2.

based on the observations and their current Q-networks khasvehe exploration rate.
Following the environment transition due to actions takgralh V2V agents, each agent
k collects and stores the transition tuplzt(k); Aﬁk); Ris+1; Zt(ﬂ , In a replay memory. At
each episode, we uniformly sample batches of stored trans® from the replay memory
and update the Q-network of each V2V agent through minirgitie sum-squared error

in (5.12). The training procedure is summarized in Algorithl.

5.3 Simulation Results

In this section, simulation results are presented to vadidae proposed multi-agent RL
based resource sharing scheme. We follow the simulatiomp $et the urban case in 3GPP
TR 36.885 [10] detailing models used for vehicle drop and ifitgbvehicular channels,
and V2V data traf c. The V2l links are started W generated vehicles and the V2V

links are formed between each vehicle with its closest sundong neighbor. Major simu-
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Table 5.2: Channel Models for V2| and V2V Links [10]

Parameter V2I Link V2V Link

128.1 + 37.60g,,d, din | LOS in WINNER +
Path loss model km B1 Manhattan [48]
Shadowing distribution Log-normal Log-normal
S_hadowmg standard dewa—8 dB 3dB
tion
Decorrelation distance 50m 10m
Path loss and shadowirngA.1.4 in [10] every 100 A.1.4 in [10] every
update ms 100 ms
Fast fading Rayleigh fading Rayleigh fading
Fast fading update Every 1 ms Every 1 ms

lation parameters are listed in Table 5.1 and the channeéladar V21 and V2V links are
described in Table 5.2.

The DQN for each V2V agent consists 8ffully connected hidden layers, whose
numbers aré0Q 250 and 120 respectively. The recti ed linear unit (ReLU},(x) =
max(0; X), is used as the activation function and RMSProp optimiz2}igused to update
network parameters with a learning rateQd®01 We train each agent's Q-network for a
total of4000episodes and the exploration ratis linearly annealed frorti to 0:02 over the
beginning3000episodes and remains constant afterwards.

We compare Algorithm 11, termed MARL, with the single-agehtbased algorithm in
[63], termed SARL, and a random baseline method in terms &f p&yload transmission
success probability and sum V2| capacity, respectivelye l@mdom baseline chooses the
spectrum band and transmission power level in a randomdasdti each time step. It is
noted that in our currently presented simulation resules xthe large-scale fading of the
channels and only alter small-scale fading at each time tst@tain some preliminary
evaluation results. In the training stage, we x the paylsa to be o2 1060bytes, but
vary the sizes in the testing stage to verify method robgstne

Fig. 5.4 shows the V2I performance with respect to increp$iBV payload sizes for
different resource sharing designs. From the gure, thégoerance drops for all schemes

with growing V2V payload sizes and the proposed Algorithmathieves better perfor-
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Figure 5.4: Sum capacity performance of V2I links with vatyNM2V payload sizes.

mance than the other two benchmarks with low V2V payloadsrelamsed V2V payload
leads to longer V2V transmission duration and possibly &igl2V transmit power in or-

der to improve V2V payload transmission success probgbilihis will inevitably cause

stronger interference to V2I links for a longer period andstlheopardize their capacity
performance.

Fig. 5.5 demonstrates the performance of the V2V payloatstngssion success prob-
ability against growing payload sizes using different $peu sharing schemes. From the
gure, as the V2V payload size grows larger, the transmissioccess probabilities of all
schemes drop as expected. However, the proposed multi-Bgdmsed method achieves
signi cantly better performance than benchmarks due teatife reward designs, which
maximize the V2V payload transmission success probabitgmarkably, foB = 1060
andB =2 1060bytes, the proposed method attaif¥%V2V transmission probabil-
ity and meanwhile improves V2I capacity, as shown in Fig. $dwever, it is also more
sensitive (less robust) to V2V payload increase compardud 3ARL and the degradation

becomes more pronounced when payload grows begond060bytes.
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Figure 5.5: V2V payload transmission success probabilitii warying payload sizes.

5.4 Summary

We have presented a semi-distributed resource sharingngchsing multi-agent RL for
vehicular networks, which adapts spectrum allocation aswdep control to a mix of fast-
varying local observations and slowly-changing globalrsted information. A ngerprint-
based method has been exploited to address nonstatiosaegisf independent Q-learning
for multi-agent RL problems when combined with DQN with espace replay. Initial
simulation results demonstrate improved performance efpitoposed resource sharing
scheme in terms of both V2I capacity and V2V payload transimisprobability compared

with a random baseline method.
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CHAPTER 6
CONCLUSION

This thesis has focused on resource allocation for vehia@danmunications under the
D2D-based network architecture. We have presented fotindlis’e yet coherent design
schemes that maximize capacity of vehicle-to-infrastiec{V2l) links and guarantee the
reliability of vehicle-to-vehicle (V2V) links based on &dul treatment of unique charac-
teristics of vehicular environments. First, we proposenply the slowly-varying large-
scale fading information of all channels to perform speatand power allocation for ve-
hicular communications when the underlying channels egpee Rayleigh fading. This
relieves the harsh requirement to accurately track vefii@iannels that undergo fast tem-
poral variations. Novel algorithms that yield optimal resze allocation performance have
been developed to maximize the sum and minimum capacity ¥2alinks, respectively.
Then, we revisit the channel state information (CSI) regmient of vehicular communi-
cations by reporting such CSI periodically to the base @tatiWe take into account the
inevitable delay in CSI feedback and propose optimal spetand power allocation de-
sign to maximize V2I capacity while guaranteeing V2V religjp Afterwards, we further
generalize the resource allocation problems to a gendtiogewhere multiple V2V links
share the spectrum with one or more V2I links and the frequepectrum is not assumed
to be assigned to V2I links beforehand. Graph theoreticstbal’e been exploited to solve
the formulated resource allocation problem and a suite gdrihms, including a base-
line graph-based algorithm, a greedy scheme, and a noaithlg involving randomized
procedures, have been developed to address the perforroamgaexity tradeoffs. Final-
ly, we approach the resource allocation problem from a lagrperspective and model
resource sharing as a multi-agent reinforcement learrihg problem. The V2V links,

each acting as an agent, collectively explore the unknowmaonication environment and
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gain experiences to guide their sharing strategy design. bAofmfast-varying local ob-
servations and slowly-changing global large-scale fadhhgrmation is used for resource
sharing related decision making, which causes resourcageament to change on a time
scale comparable to small-scale fading of vehicular chianfiée four proposed schemes,
which include both centralized and semi-distributed desigith varying performance-
complexity tradeoffs, constitute a comprehensive studgsdurce allocation for vehicular

communications.
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