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Abstract

Future wireless networks will face a compound challenge of supporting large traf-
fic volumes, providing ultra-reliable and low latency connections to ultra-dense mo-
bile devices. To meet this challenge, various new technologies have been introduced
among which mutual-information accumulation (MIA), an advanced physical (PHY)
layer coding technique, has been shown to significantly improve the network perfor-
mance. Since the PHY layer is the fundamental layer, MIA could potentially impact
various network layers of a wireless network. Accordingly, the understanding of im-
proving network design based on MIA is far from being fully developed. The purpose
of this dissertation is to study the fundamental performance improvement of mutual
information accumulation over wireless networks and to apply these fundamental re-
sults to guide the design of practical systems, such as cognitive radio networks and

massive machine type communication networks.

This dissertation includes three parts. The first part of this dissertation presents the
fundamental analysis of the performance of mutual information accumulation over
wireless networks. To begin with, we first analyze the asymptotic performance of mu-
tual information accumulation in an infinite 2-dimensional(2-D) grid network. Then,
we investigate the optimal routing in cognitive radio networks with mutual informa-
tion accumulation and derive the closed-form cooperative gain obtained by applying
mutual information accumulation in cognitive radio networks. Finally, we characterize
the performance of mutual information accumulation in random networks using tools

from stochastic geometry.
The second part of this dissertation focuses on the application of mutual information
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accumulation in cognitive radio networks. An optimization problem is formulated
to identify the cooperative routing and optimal resources allocation to minimize the
transmission delay in underlay cognitive radio networks with mutual information ac-
cumulation. Efficient centralized as well as distributed algorithms are developed to
solve this cross-layer optimization problem using the fundamental properties obtained
in the first part of this dissertation. Simulation results show that mutual information
accumulation can reduce more than 77% delay compared to conventional two-hop

transmission in underlay cognitive radio network.

The third part of this dissertation focuses on the application of mutual information ac-
cumulation in massive machine type communication (massive MTC) network. A new
cooperative retransmission strategy is developed for massive MTC networks. Theoret-
ical analysis of the new developed retransmission strategy is conducted using the same
methodology developed in the fundamental part of this dissertation. Monte Carlo sim-
ulation results and numerical results are presented to verify our analysis as well as to

show the performance improvement of our developed strategy.
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Chapter 1

Introduction

1.1 Motivation

According to the International Telecommunication Union (ITU) [2], the number of mobile cellular
subscriptions globally is estimated to surpass 7.09 billions at the end of 2015, a number repre-
senting more than 96% of the world population. In the Americas, the impact of mobile cellular
communications is even more significant with the current penetration rate of 108% [2]. Following
this trend, in May 2015, it was predicted that there would be over 11.5 billion mobile-connected
devices by year 2019, nearly 1.5 mobile devices per capita [3]. An important drive behind this
is the worldwide rapid adoption of smart phones and mobile tablets. These devices are much
more data-hungry: the data consumption of a single smart phone is equivalent to that generated
by 37 featured phones; a mobile tablet can produce 2.5 times more traffic than the average smart
phone [4]. As a result, Cisco Systems predicted a staggering 57% compound annual growth rate
(CAGR) for global mobile cellular data traffic from 2014 to 2019: a 10-fold increase.

To meet the increasing communication demand, the future 5G systems must dramatically out-

perform previous generation systems and should support [5]:
e User experienced data rate: 0.1 ~ 1 Gbps

e Connection density: Imillion connections per square kilometer
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End-to-end latency: millisecond level

Traffic volume density: tens of Gbps per square kilometer

Mobility: higher than 500Km per hour

Peak data rate: tens of Gbps

Figure 1.1: Key capabilities from IMT-Advanced (4G) to IMT-2020(5G)[1]

Figure 1.1 shows enhancement of key capabilities from 4G to 5G. As indicated in this figure, future
5G has to be able to support large traffic volumes and provide reliable connections to ultra-dense
mobile devices. This is a challenging task, especially considering the unreliable nature of wire-
less channels. Conventionally, the design of wireless networks has borrowed the design of wired
networks. Functionalities such as modulation, channel coding, resource allocation, routing are
partitioned into separate network layers with minimum interaction between adjacent layers. Each
lower layer serves as a black box abstraction for higher layers. For example, from a network layer

point of view, the overall performance of the underlying physical and data link layer are modeled



as "bit pipes" that deliver data at a fixed rate with occasional random errors [6]. Recently various
techniques, such as Massive Multi-Input and Multi-Output (Massive MIMO), polar codes, mutual
information accumulation etc., have been developed to improve the physical layer performance
of wireless networks. However, new network layer algorithms and protocols that can take full
advantage of these physical layer techniques remain unexplored.

The rapid development in physical layer design is partially due to the Shannon information
theory which describes fundamental relationships between the performance of point-to-point com-
munication and system parameters. Unfortunately, there is no such simple yet fundamental theory
for the capacity of a wireless network. Although the scaling laws [7] reveals significant insight
on the performance of ad hoc networks, a tool that could provide a finer view is needed to guide
the design of wireless networks. Stochastic geometry recently has been proven a powerful tool
in characterizing the performance of cellular networks [8]. By modeling the location of nodes in
a network as a spatial random process, stochastic geometry can be used to analyze the average
performance of networks over many spatial topology realizations. However, how to use stochastic
geometry to analyze the performance of multi-hop networks still remains an open problem. Es-
pecially, how to use stochastic geometry to analyze wireless networks with mutual information

accumulation remains unexplored.

1.2 Mutual Information Accumulation

In this section, we introduce the details and potentials of mutual information accumulation. Mutual
information accumulation is a natural extension of energy accumulation. In energy accumulation,
a receiver can decode a packet as soon as the total received energy from multiple transmissions of
that packet exceeds a certain threshold [9]. Energy accumulation can be achieved through repeti-
tion codes or chase combining in hybrid automatic repeat request (hyrid ARQ) [10], etc. Instead of
accumulating energy, mutual information accumulation enables a node accumulate mutual infor-

mation for a packet from multiple transmissions until it can decode the packet successfully [11].



In practice, mutual information accumulation can be realized through the use of rateless codes,




























































































































































































































































