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Abstract

Video streaming over the best-effort networks is a challenging problem due to the time-
varying and uncertain characteristics of the links. When multiple video streams are present
in a network, they share and compete for the common bandwidth. In such a setting, a
bandwidth allocation algorithm is required to distribute the available resources among the
streams in a fair and efficient way. Specifically, it is desired to establish fairness across

end-users’ Quality of Experience (QoE).

In this research, we propose three novel methods to provide QoE-fair network band-
width allocation among multiple video streaming sessions. First, we formulate the problem
of bandwidth allocation for video flows in the context of Network Utility Maximization
(NUM) framework, using sigmoidal utility functions, rather than conventional but unreal-
istic concave functions. An approximation algorithm for Sigmoidal Programming (SP) is
utilized to solve the resulting nonconvex optimization problem, called NUM-SP. Simulation
results indicate improvements of at least 60% in average utility /QoE and 45% in fairness,

while using slightly less network resources, compared to two representative methods.

Subsequently, we take a collaborative decision-theoretic approach to the problem of
rate adaptation among multiple video streaming sessions, and design a multi-objective
foresighted optimization model for network resource allocation. A social welfare function
is constructed to capture both fairness and efficiency objectives at the same time. Then,
assuming a common altruistic goal for all network users, we use multi-agent decision pro-

cesses to find the optimal policies for all players.

We propose a Decentralized Partially Observable Markov Decision Process (Dec-POMDP)
model for the conventional IP networks and a Multi-agent Markov Decision Process (MMDP)
model for the SDN-enabled wireless networks. By planning these cooperative decision pro-
cess models, we find the optimal network bandwidth allocation that leads to social welfare
maximization. Distributed multi-agent reinforcement learning algorithms are also designed

and proposed as a low-complexity model-free solution to these optimization problems.

Simulations of the proposed methods show that the resulting optimal policies of the
novel Social Utility Mazimization (SUM) framework outperform existing approaches in
terms of both efficiency and fairness. The Dec-POMDP model applied to a server-side rate
adaptation results in 25% improvement in efficiency and 13% improvement in fairness,
compared to one popular protocol of congestion control for multimedia streaming. Our
performance evaluations also show that the MMDP model applied to a client-side rate
adaptation like DASH improves efficiency, fairness, and social welfare by as much as 18%),

24%, and 25%, respectively compared to current state-of-the-art.
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Chapter 1

Introduction

Video traffic on the Internet has been growing at a rapid pace during recent years. Globally,
IP video traffic will be 82% of all consumer Internet traffic by 2020, up from 70% in 2015,
growing fourfold during this time period [1]. This percentage does not even include video
exchanged through peer-to-peer file sharing. An increasing fraction of this video traffic
comes from video streaming services, such as live streaming, video-on-demand and over-
the-top (OTT) video services from the likes of Netflix, YouTube, and Amazon Video, the
top three sources of video traffic in North America [2]. The growth in video traffic has been
accompanied by a modern technology: HTTP-based Adaptive Streaming (HAS) [3] [1],
which has received a great popularity in the market and a lot of research interest in
academia [5], [0], [7], [8], [9] and industry [10]. In OTT services, whether using HAS or
the legacy technologies, the video has to be streamed in a continuous manner and without

interruption in playback or degradation in quality, as much as possible.

Due to the shared and best-effort nature of the Internet, it is difficult to stream these
videos without fluctuations in quality, or interruptions in playback. Since there are mul-
tiple video streams competing for the shared and limited bandwidth, packet losses and
bandwidth fluctuations will adversely affect the user’s Quality of Experience (QoE). To
overcome this, we need a fair and efficient method that allocates the optimum amount
of bandwidth for each video stream such that congestion is avoided as much as possible
while video quality is as stable as possible and balanced in a fair manner among all users.
Many related work have attempted to design and implement such a method, but as we will
discuss in next section, existing methods suffer from one or more of the following short-
comings: they are not aware of QoE, and simply optimize the available bandwidth without
considering the user-perceived quality of the video; they do not consider the multi-agent
nature of the problem resulting from many interacting players and their inherent conflicts

and cooperations; they do not consider the longer-term expected quality caused by the



dynamic characteristics of the network and how any change in one user’s allocated rate
would affect all other users, in turn affecting the first user in subsequent cycles; or they do
not address the fairness of the QoE, and at best address the fair distribution of bandwidth.

1.1 Motivation

To offer an acceptable QoE for consumers, video playback should be as smooth as possible,
without any interruption or degradation in quality. But doing so requires high bandwidth
and low packet loss, which imposes new challenges to the existing best-effort Internet.
These challenges are exacerbated by the fact that there is not one but multiple video
streams concurrently running on the network, potentially competing for the limited band-
width. Hence, a fair and efficient video rate allocation model is required to 1) prevent

congestion, and 2) provide a balanced video quality to all end users.

Efficiency is synonymous with Pareto optimality: a resource allocation is efficient or
Pareto optimal if it is impossible to make one user better off without making some other
users worse off. Efficiency is necessary, but not sufficient, for social optimality. Together

with fairness, they define a socially optimal resource allocation.

Traditionally, a distributed solution for video rate adaptation is needed for congestion
avoidance and bandwidth sharing among multiple video streams. By leveraging some as-
pects of the novel paradigm of Software-Defined Networking (SDN), one can also think of
a centralized authority for network resource allocation. The design and implementation
of such a solution, whether distributed and end-node-driven, or centralized and network-
assisted, is a challenging problem in today’s video delivery industry. Most conventional
congestion control and rate adaptation methods (e.g. [1 1], [12], [13], [14], and [15]) are basi-

cally flow-based and have four major shortcomings when it comes to multimedia streaming;:

1. Not aware of media quality
Most transport layer congestion control approaches are application-agnostic [10].
They only attempt to avoid network congestion by adjusting the sending rates, with-
out considering the impact on the application’s performance, i.e. quality of media
transported in the case of multimedia streaming. Maximizing the bandwidth utiliza-
tion does not necessarily result in an optimum video quality. Although end-user’s
Quality of Ezperience (QoE) is the final goal of any network service, the bulk of
existing literature on network optimization does not take QoE into consideration,
and instead tries to maximize network utilization or throughput. QoE, which is gen-

erally defined as “a measure of the overall acceptability of an application or service,



as perceived subjectively by the end-user”, is the ultimate measure of utility to be
maximized in any multimedia application. In order to incorporate QokE into resource
allocation process, some sort of mapping of specific network performance metrics,
also known as Quality of Service (QoS) metrics to QoE is required. While there is an
obvious relationship between packet loss, delay and jitter and QoE, no clear mapping
has been easily drawn and employed due to the complexity of the media compression

and delivery of the services.

2. Not capturing the multi-agent nature of the problem
Users of any shared resource like network bandwidth are generally facing a strategic
situation, which involves more than one utility-maximizing decision-maker interact-
ing with each other and competing for obtaining larger piece of the cake. Although
multimedia streaming is obviously a multi-agent problem with many interacting play-
ers, there are very few works in the literature that are established upon models of
Multi-Agent Systems (MAS), studying the conflicts and cooperations among differ-
ent players. Most existing approaches use a stochastic passive model to represent
network behavior as an aggregation of all other active decision makers, neglecting

the essence of interaction between different users of the network.

3. Myopic adaptation only based on instantaneous rates
Due to dynamic characteristics of the network, any changes in current sending rate of
a user would affect the state of the network and all other users, which could in turn
affect the utility of the original user in subsequent times. Therefore, it is important to
consider not only the instantaneous multimedia quality, but also how the immediate

adaptation impacts the long-run expected quality in future.

4. Not explicitly addressing fairness
Although the concept of TCP-friendliness has been well developed during past decade
to avoid congestion collapse of the network in presence of (mainly non-TCP) mul-
timedia traffic, most existing congestion control solutions for video streaming (even
the so-called TCP-friendly methods) fail to provide a fair allocation of network band-
width among competing users. Even if fairness is taken into account, it is about fair

distribution of throughput, while a quality-based fairness is more desirable.

In summary, a quality-driven bandwidth allocation mechanism with an explicit decision-
theoretic model of competition and/or cooperation among different users for network re-
sources, and an optimization framework to maximize a foresighted expected utility of users
while maintaining some notions of fairness among users are still missing for multimedia

streaming applications.



1.2 Approach

In this research, we propose a number of optimization formulation for the problem of
network bandwidth allocation for video streaming applications. First, in the context of
Network Utility Mazimization (NUM), we discard the conventional but unrealistic assump-
tion of concavity for utility functions. This results in a much more realistic optimization
problem, which is not easy to solve though. An approximation algorithm for Sigmoidal

Programming (SP) is utilized to solve the resulting nonconvex optimization problem, called
NUM-SP.

We then take a collaborative decision-theoretic approach to the problem of rate adap-
tation among multiple video streaming sessions, and design a multi-objective foresighted
optimization model for network resource allocation. Optimal sequential decision mak-
ing under uncertainty have been extensively studied in artificial intelligence [17] [18] and
stochastic control [19] literature. The basic theoretical foundations of this area are the con-
cept of state and the Markov property —postulating that the future states of the stochastic
process depend only on the present state, not on the past history of events. Markov Deci-
sion Process (MDP) [19] models decision problems under uncertainty when the full state
information is available. In many real world problems this is not the case and only incom-
plete state information might be observable. Partially Observable Markov Decision Process

(POMDP) [20] provides a powerful modeling framework for such problems.

Our adaptive video streaming problem in the case of conventional IP networks, such as
the Internet, is a decision making problem with Markov property and partially observable
information about the network state. However, since there are several active decision-
makers interacting with the network, a decentralized or multi-agent modeling tool would
be required. In this research, we attempt to address all of the shortcomings mentioned in
Section 1.1 and target a quality-driven fairness-aware end-to-end congestion control and
bandwidth sharing mechanism. We propose a decision-theoretic model, called Decentralized
Partially Observable Markov Decision Process (Dec-POMDP), to formulate the interaction
of multiple concurrent video streaming sessions over the Internet. Aiming at maximizing
the perceived quality of end-users while maintaining fairness in network bandwidth al-
location, we employ a QoE model and introduce a social welfare function by combining
the main objectives of efficiency and fairness. The solution of the proposed multi-agent
decision process provides an optimal policy for all network users to adapt their streaming
rates in the best interests of the entire network, leading to an optimum fair distribution of
QoE among users. We evaluate the performance of this rate adaptation scheme through

simulations, showing its advantages over the TFRC.

We further look at the same problem in an SDN-enabled wireless network, where all

4



mobile users of the network would be able to observe the network state and its congestion
level. This removes the restricting assumption of partial-observability and allows us to
employ fully-observable multi-agent decision process models. We use Mutli-agent Markov
Decision Process (MMDP) framework, to formulate this dynamic interaction between net-
work users. Due to lower computational complexity of MMDP in contrast to Dec-POMDP,
a centralized planning solution becomes feasible in this case. We compare the performance

of the proposed resource optimizer to two other representative existing rate adaptation
methods, PANDA and FESTIVE.

1.3 Contributions

The scientific contributions of this thesis could be summarized as:

e Shifting the video rate adaptation paradigm from the classical well-established rate-
distortion optimization to subjective QoE maximization. Our framework can model
different types of multimedia users with different utility functions, in the form of
predictive models of their subjective QoE, instead of objective measures of video

quality.

e Proposing a stochastic foresighted optimization framework for bandwidth sharing
and congestion avoidance as opposed to existing deterministic reactive rate control

schemes and myopic optimization methods.

e Introducing a novel concept of Social Utility Mazimization (SUM), as opposed to
the well-known Network Utility Mazimization (NUM), by explicitly incorporating
fairness into the objective function of the rate allocation optimization problem. We
design a social welfare function by integrating efficiency and fairness into a single

performance index.

e Proposing two multi-agent decision process models for collaborative bandwidth allo-
cation among concurrent video streaming users:
1) Dec-POMDP model for conventional IP networks, leading to a distributed learning
solution, and
2) MMDP model for SDN-enabled wireless networks, leading to a centralized planning
solution.

e Experimental performance evaluation of the proposed methods, validating the im-

provements in terms of QoE-efficiency and QoE-fairness.
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Figure 1.1: A flow diagram of the contributions of this thesis

As illustrated in Figure 1.1, both research directions originate from the well-known
NUM framework; NUM-SP deals with the sigmoidal utility of multimedia traffic (Chapter
4) and SUM incorporates the fairness objective into the network resource optimization
problem (Chapter 5). The proposed SUM framework is applied to two different network
settings with partial and full observability of the network congestion level, resulting in
development of Dec-POMDP (Chapter 6) and MMDP (Chapter 7) decision process models,

respectively.

1.4 Publications

(J3) M. Hemmati, S. Shirmohammadi, “QoE-Fair Allocation of Network Bandwidth in
Rate-Adaptive Video Streaming: A Multi-Agent Reinforcement Learning Approach,”
submitted to ACM Transactions on Multimedia Computing, Communications and

Applications.
e The contents of this paper will appear in Chapter 6.

(J2) M. Hemmati, S. Shirmohammadi, A. Yassine, “A Multi-Agent Decision Process Ap-
proach to QoE-Fair Adaptive Video Streaming in SDN-Enabled Wireless Networks,”

accepted with minor revisions for publication in IEEE Transactions on Multimedia.

e The contents of this paper will appear in Chapter 7.
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(J1) M. Hemmati, B. McCormick, S. Shirmohammadi, “QoE-Aware Bandwidth Alloca-
tion for Video Traffic Using Sigmoidal Programming,” accepted for publication in
IEEE Multimedia.

e The contents of this paper will appear in Chapter 4.

(C3) M. Hemmati, B. McCormick, S. Shirmohammadi, “Fair and Efficient Bandwidth
Allocation for Video Flows Using Sigmoidal Programming,” in Proc. IEEE Interna-
tional Symposium on Multimedia (ISM), San Jose, USA, 2016.

(C2) M. Hemmati, A. Yassine, S. Shirmohammadi, “A Dec-POMDP Model for Conges-
tion Avoidance and Fair Allocation of Network Bandwidth in Rate-Adaptive Video
Streaming,” in Proc. IEEE Symposium on Computational Intelligence for Commu-
nication Systems and Networks (CI Comms), Cape Town, South Africa, 2015.

(C1) M. Hemmati, A. Yassine, S. Shirmohammadi, “An Online Learning Approach to
QoE-Fair Distributed Rate Allocation in Multi-User Video Streaming,” in Proc. In-
ternational Conference on Signal Processing and Communication Systems (ICSPCS),
Gold Coast, Australia, 2014.

1.5 Organization of Thesis

In next chapter we review some theoretical background from areas related to the topic of
this research. It includes congestion control for multimedia streaming, NUM framework,
fairness in bandwidth allocation, quality of experience, and network-assisted rate adapta-
tion. Then, in Chapter 3, we will present a survey of the state-of-the-art in bandwidth
allocation for video streaming. The related works have been reviewed in three categories
based on the approach taken by the authors: MDP-based, Fairness-aware, and Network-
assisted.

Chapter 4 contains the first contribution of this thesis. In this chapter, we formulate the
problem of bandwidth allocation for video flows in the context of NUM framework, using
sigmoidal utility functions rather than conventional but unrealistic concave functions. An
approximation algorithm for Sigmoidal Programming (SP) is utilized to solve the resulting

nonconvex optimization problem, called NUM-SP.

Chapter 5, lays out the conceptual foundation of the other contributions of this the-
sis. We first present the core components of the modeling framework utilized for tackling

the problem of collaborative bandwidth allocation for video streaming in order to achieve



fairness in users’ QoE. Then a social welfare function is developed to capture both fair-
ness and efficiency objectives at the same time and the novel framework of Social Utility
Maximization (SUM) is presented. Subsequently, a formal mathematical description of
the proposed multi-agent modeling frameworks would be presented for two different cases
of the rate-adaptive video streaming problem: conventional IP networks (Chapter 6) and
SDN-enabled wireless networks (Chapter 7). A summary of obtained results and some

directions for future research in this area appear in Chapter 8, which concludes this thesis.



Chapter 2

Background

In this chapter we will provide a review of theoretical backgrounds used in formulating
the problem of fair bandwidth allocation in video streaming. We start with the general
topic of congestion control for multimedia streaming and then describe the mathematical
framework of Network Utility Maximization, which formulates the congestion control and
rate allocation question into a distrusted optimization problem. Since the main theme of
this thesis is QoE-fairness, we provide an overview of the concept of fairness in bandwidth
sharing and different ways of modeling QoE. MDP-based optimization and decision making
under uncertainty, as the cornerstones of the proposed methods in this thesis, are reviewed
with an emphasis on two multi-agent decision processes, namely Dec-POMDP and MMDP.
We conclude this chapter with a brief introduction of network-assisted rate adaption using

SDN.

2.1 Congestion Control for Multimedia Streaming

The current Internet congestion control is performed by TCP [11], best suited for data
traffic, which is insensitive to rate fluctuations. Congestion in the Internet is controlled
by halving the sending rate each time a single packet loss is experienced. TCP assumes
that packet losses happen only due to the congestion in the network. Congestion control
actions are performed at the network end-hosts, with intermediate Internet routers only
indicating the congestion by dropping or marking packets that arrive at a congested buffer.

This mechanism has been very successful, producing a highly stable and scalable network.

However, the prevalence of multimedia applications during past decade has brought the
necessity for a change in many of the Internet design concepts. Real-time multimedia traffic

has stringent requirements on delay, jitter and packet loss, and guaranteed throughput



with limited fluctuations. Multimedia applications can broadly be classified into three
classes: on-demand streaming of stored content, live streaming and real-time interactive
multimedia. Multimedia traffic in the current Internet can be transported over either TCP
or UDP. UDP does not perform any congestion control. Multimedia traffic is sent over
UDP at a constant rate equal to the drain rate at the receiver. This could result in stability

and fairness issues when other traffic flows are competing for shared network resources.

TCP, on the other hand, does perform congestion control, and thus it creates large
fluctuations in the fill rate in the receiver buffer. This is far from optimal for the multimedia
traffic, since a typical video traffic flow is highly sensitive to sudden and large rate changes.
Although TCP provides a reliable ordered delivery of the traffic, multimedia applications
generally place an emphasis on timeliness over reliability. As such, there has been a broad
consensus among researchers that TCP is not well-suited to multimedia traffic [21]. To this
end, we have been witnessing a large number of proposals of congestion control mechanisms
for multimedia traffic that tries to reconcile on one hand the requirements imposed by the
multimedia applications in terms of jitter, latency and throughput and on the other hand
the requirement from the Internet to ascertain that the traffic injected into the network
competes fairly with other traffic handled by TCP congestion control. The solution which
was advocated by the Internet Engineering Task Force (IETF) is that all applications
which produce long lived flows should mimic the behavior of a TCP source. We say
that such applications are “T'CP friendly”. In other words, all applications, except short

transactions, should behave, from a traffic point of view, as a TCP source.

In this section, we provide a brief review of the existing literature on congestion control
for multimedia applications. There are two main approaches into providing congestion
control for multimedia streaming: window-based and rate-based. Window-based methods
increase their sending rates as a result of the successful transmission of a window of packets,
and decrease the sending rate upon the detection of a packet loss event. Rate-based
congestion control attempts to smooth the transmission rate by estimating the available
bandwidth in some other way. A large subset of rate-based methods is called equation-based
rate control. In this scheme the sending rate is controlled by an equation which estimates
the allowed sending rate based on feedback from the receiver. The trade-off usually is that
rate-based mechanisms are less aggressive in increasing their sending rate, but in case of
packet losses they lower their sending rate slower than window-based approaches. For that

reason they are often called slowly-responsive algorithms.
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2.1.1 Window-based Methods

TCP uses the Additive Increase Multiplicative Decrease (AIMD) algorithm to adjust its
congestion window size. The size of the window is increased upon a successful transmission
of a window of packets, and decreased upon a detection of a packet loss. AIMD rules could
be described as follows, where w; stands for the congestion window size at time ¢, whereas
a>0and 0 < 8 <1 are constants (in TCP Reno a =1 and § = 0.5):

wy + «, if success
W1 = (21)
wy — By, if faal.

Motivated in part by the needs of streaming audio and video applications, for which
AIMD’s drastic reduction in transmission rate upon each packet loss is problematic, a
class of nonlinear congestion control algorithm called binomial algorithms were introduced

in [22]. Binomial algorithms generalize the AIMD rules in the following simple manner:

wy + o/wF, if success
W =4 [ (2.2)
+ . .
wy — Bawl, if fail,

using the addition of two algebraic terms with different exponents k and [.

These rules generalize the class of all linear control algorithms. For k£ = 0,1l = 1, we get
AIMD; for k = —1,1 = 1, we get MIMD (Multiplicative Increase Multiplicative Decrease,
used by slow start in TCP); for k = —1,1 = 0, we get MIAD; and for £ = 0,1 = 0 we get
ATAD, thereby covering the entire class of linear algorithms. Varying the values of k£ and [
will result in the so-called binomial algorithms, which were shown to be TCP-friendly for
suitable values of o and § if and only if £k +1 =1 and [ < 1 [23]. Figure 2.1 summarizes
the qualitative features of binomial control algorithms in the (k,1) space, including the
points where it corresponds to the four linear algorithms, the line segment where it is

TCP-friendly, and the regions where it is more and less aggressive than TCP AIMD.

2.1.2 Rate-based Methods

Since traditional window-based approaches typically halve the sending rate in case of con-
gestion, the effect for real-time streams is quite severe. A solution to this is a rate-based
approach to congestion control. Instead of the window-based transmission model, the send-

ing rate is controlled by an estimation of the available bandwidth. By using the estimation,
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Figure 2.1: The (k,[) space of binomial control algorithms, with &+ = 1 line showing
the set of TCP-friendly rules

the sender attempts to keep the sending rate steadier. The tradeoff is that the sender does

not increase its sending rate as aggressively as TCP.

Various approaches have been taken to create a mechanism or a protocol, for providing a
smooth transmission rate which multimedia streams require. An early work into providing
multimedia streaming in wireline networks is Rate Adaptation Protocol (RAP) [24]. Tt
behaves similarly to TCP as it implements an AIMD algorithm, however it abandons the

window-based congestion control.

Rate-based approaches attempt to remove abrupt changes in the sending rate whilst
still behaving as a good network citizen i.e. not negatively affecting TCP performance.
In equation-based control, an equation is used to limit the sender transmission rate. The
primary goal of equation-based approach is to avoid aggressively finding and using avail-
able bandwidth and instead maintain a steady sending rate while still being responsive to

congestion [25].

TCP-Friendly Rate Control (TFRC) was developed [25], and later standardized [12], as
an equation-based congestion control method for unicast traffic. In this scheme, receiver
reports feedback to the sender at least once per round-trip time (RTT) if it has received
packets in that interval. Accordingly, sender will reduce its sending rate in case it has not
received feedback after several RTTs. Ultimately it will stop sending altogether. Adhering
to these policies results in a mechanism that provides smoother throughput for multimedia

applications in wired networks.

For the control equation, TFRC uses the refined TCP throughput model [20]:
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(
B(p) = - -
RTT\ /% + To(3\/2)p(1 + 32p?)

where B(p) stands for the upper bound of the sending rate in bytes/sec, ¢ is the packet

(2.3)

size, RT'T is the round-trip time, p is the steady-state loss event rate and T} is the TCP
retransmit timeout value. A loss event rate is not exactly the same as packet loss rate;
a loss event shows the number of packets lost in a single round-trip time. The loss event
rate is calculated at the receiver end and sent back to the sender. Then, the sender will
calculate a smoothed loss event rate to be used in the equation. This smoothing is done
in order to avoid reacting violently to a single unrepresentative loss event rate reported by
the receiver. Other than the loss event rate, all the other factors in the equation can be

measured at the sender side.

TFRC has emerged as the dominant mechanism in literature and the standard protocol
to provide smooth and predictable throughput for multimedia applications. The latest
version is described in RFC 5348 [12].

Some other protocols are designed to be multimedia streaming friendly from the start
and these include Datagram Congestion Control Protocol (DCCP) [27], Real-time Trans-
port Protocol (RTP) [28]. DCCP is an unreliable transport protocol like UDP but incor-
porates end-to end congestion control. It implements a congestion-controlled, unreliable

flow of datagram for multimedia streaming applications.

2.2 NUM Framework

The Network Utility Maximization (NUM) was proposed by F. Kelly [29] as a mathematical
framework for rate control and bandwidth allocation in networks. The key issue is to
how available bandwidth within the network should be shared among competing flows of
(elastic) traffic. Under some conditions for the utility functions of the network users, NUM

framework formulates this problem as a convex optimization problem.

Consider a communication network with L links and S sources (i.e., users). Each link
[ has a fixed capacity of ¢;, and each source s is assumed to transmit only one flow at a
rate of x5, and has a utility function Us(z,). We denote the set of links used in the path
of source s by L(s), and the set of sources/flows sharing link [ by S(7). The basic version
of NUM could be described as follows:
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S
maximize Z Us(xs)

x€RS pary
subject to Z xs < ¢, Vi, (2.4)
seS(1)
x > 0.

This means maximizing total utility of all sources over the set of nonnegative values
of source rates x € R¥, subject to linear flow constraints on all links, which have limited
capacities. If the utility functions Us(-) are increasing with rate and strictly concave, the
above optimization problem would be a convex one with many desired characteristics; most
importantly, local optimum is also a global optimum, and the duality gap is zero [30]. Zero
duality gap allows for employing decomposition of the dual problem for constructing a
distributed solution for NUM, where each source only needs its own utility function and
each link its own capacity. This results in a standard distributed price-based rate allocation
and congestion control algorithm for the network, which also provides stability and some

form of fairness.

2.3 Fairness in Bandwidth Sharing

A fundamental question in network design and optimization is how available bandwidth
should be shared among competing users of a network? In fact, the objective of congestion
control is to provide both efficiency and some form of fairness among all users. As explained
in previous section, NUM framework provides a distributed rate control solution which

allows to reconcile potentially conflicting notions of fairness and efficiency.

In this section, we are going to review the concept of fairness in network resource
allocation; to see what exactly fairness is; how it could be measured; and how it could be

achieved among network users.

2.3.1 Meanings and Definitions of Fairness

Fairness, as referred to in data communication networks context, is generally attributed
to resource sharing or allocation. The consequence of an unfair resource allocation among
different network users may lead to resource starvation, wastage or redundant allocation.
For different researchers, it is rather difficult to agree on a single definition of fairness since

it is subjective [31]. When we consider rational individuals, each individual evaluates the
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share of resources they received and compare them with others in the system from their
own points of view. Consequently, the definition of fairness or any effort to define fairness
is influenced by the value ascribed to the resources by the designer of the system or by the

individuals of the system.

Accordingly, there exist several notions of fairness in the literature. Two of the most

representative interpretations of fairness are max-min and proportional fairness.

Max-Min Fairness

A feasible allocation of resource x = (x1, x9, ..., ,,) to n users is max-min fair if for each user
i, x; cannot be increased (while maintaining the feasibility) without decreasing x;, where
z; < x;, (i # 7) [32]. In other words, a system reaches max-min fairness, if it cannot increase
any individual’s share without decreasing another individual’s share which is already less
than the previous ones. Max-min fairness, which is also called bottleneck optimality, has
been widely studied and implemented in many applications such as flow control [33], packet

scheduling [34], [35], routing [30], and other wireless network applications [37], [38], [39].

It is worth mentioning that weights can also be introduced into the max-min fairness
model. Weighted measures are more flexible in achieving fairness, but pose other issues

such as the assignment of the weight set.

Proportional Fairness

An allocation x = (x1,z9,...,x,) of a resource with finite capacity of C is said to be
proportionally-fair [29], if it is feasible, that is Vi, x; > 0 and Y, 2; < C, and if for any

other feasible allocation x*, the aggregate of proportional changes is not positive:

zn: HoT (2.5)

l‘.
i=1 ¢

2.3.2 Quantifying and Measuring Fairness

One approach to quantify the degree of fairness associated with an allocation vector x =
(w1, 29, ..., 2,) € RY is through a fairness measure, which is a function f that maps x into
a real number. Various fairness measures have been proposed throughout the years, e.g.,
in [40], [41], [42], [43]. These range from simple ones, e.g., the ratio between the smallest
and the largest entries of x, to more sophisticated functions, e.g., Jain’s index [11] and the

entropy function. Some of these fairness measures map x to normalized ranges between
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0 and 1, where 0 denotes the minimum fairness, 1 denotes the maximum fairness (often
corresponding to an x where all z; are the same) and a larger value indicates more fairness.
For example, min-max ratio [1] is given by the maximum ratio of any two user’s resource

allocation, while Jain’s index computes a normalized square mean.

An alternative approach that has gained attention in the networking research commu-
nity since [29], [15] is the optimization-theoretic approach of a-fairness and the associated
utility maximization. Given a set of feasible allocations, a maximizer of the a-fair utility
function satisfies the definition of a-fairness. Two well-known examples are as follows: a
maximizer of the log utility function (o = 1) is proportionally fair, and a maximizer of the

a-fair utility function as @ — oo is max-min fair.

Clearly, these two approaches for quantifying fairness are different. On the one hand,
a-fair utility functions are continuous and strictly increasing in each entry of x, thus its
maximization results in Pareto optimal resource allocations. On the other hand, scale-
invariant fairness measures (ones that map x to the same value as a normalized x) are
unaffected by the magnitude of x, and an allocation that does not use all the resources can
be as fair as one that does. As an attempt to unify these two approaches, [16] develops
an axiomatic theory of fairness in netwrok resource allocation. It introduces a set of five
intuitive axioms that lead to a useful family of fairness measures. These axioms are: the
axiom of continuity, of homogeneity, of asymptotic saturation, of irrelevance of partition,

and of monotonicity.

The development of an axiomatic theory of fairness also contributes to making con-
nection between the basic concepts of efficiency and fairness. By removing the axiom of
homogeneity, an alternative set of four axioms are proposed in [16], which allows efficiency
of resource allocation be jointly captured in the fairness measure. We will use this inter-
esting feature to design one of the key components of our proposed framework, described
in Chapter 5.

2.4 Quality of Experience

Quality of Experience (QoE) is the perceptual quality of a service from the end-users’
perspective. A key aspect in all forms of video delivery, including video streaming, is the
need to optimize user-perceived QoE. Traditionally, QoE is obtained from subjective test,
where human viewers evaluate the quality of test videos under a laboratory environment.
In subjective tests as well as multimedia communications, Mean Opinion Score (MOS)
provides a numerical measure of the perceived quality from the users’ perspective. It

is expressed as a single number in the range 1 to 5, where 1 corresponds to the lowest
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perceived quality, and 5 to the highest. Since subjective test is a costly, time consuming,
and offline way of measuring QoE, objective quality models have been developed to predict
QoE, in terms of MOS, based on available objective parameters, such as video coding and

compression schemes and network Quality of Service (QoS) parameters [17].

In multimedia communications, the MOS provides a numerical measure of the perceived
quality from the users’ perspective of received media at the destination. It is expressed as
a single number in the range 1 to 5, where 1 corresponds to the lowest perceived quality,
and 5 to the highest.

MOS Quality Impairment
4.4
. 4.3
B Excellent | Imperceptible
Satisfied
Perceptible 40
4 Good but not R
annoying Some Users Dissatisfied
3.6
5 Slightly . .
3 Fair SRR Many Users Dissatisfied
31
2 Poor Annoying
26
1 Bad Very annoying
1.0

Figure 2.2: MOS Scale for Subjective Video Quality Assessment

Designing good QoE models for video streaming is an active area of research [18]. While
a higher video quality is expected to improve QoE, existing literature on QoE of video
streaming provides evidence that frequent switches or sudden changes in video quality or
bitrate result in user’s dissatisfaction and reduces QoE [19]. To this end, [50] introduced
the notion of penalty for temporal variability of quality in modeling QoE. However, video
freeze or stalling, which happens due to rebuffering of video player, is the most harmful
factor in QoE degradation [71]: a single rebuffering event has three times the impact of
a bitrate change. Another reported finding of [71] is that rebuffering incur abandonment
rates six times higher than start-up latency. For a comprehensive survey of the QoE

influence factors in HTTP-based adaptive video streaming see [19].

One of the well-accepted QoE models for adaptive streaming provides a prediction or
estimation of MOS through a linear combination of the average quality of video segments

over a streaming session, the variation of video qualities and the effect of rebuffering:
QoE = MOS.o = a.jt — 3.0 — 7.0 + 6 (2.6)
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where g is the average quality of video segments, o is the standard deviation of video

qualities, ¢ is a measure of rebuffering or freezes, and «, (3, v, and ¢ are tunable parameters

[52].

2.5 Decision Making under Uncertainty

In most real-world problems, there are many sources of uncertainty in the environment
and problem description and yet an entity in charge of decision and control needs to
take actions to perform a task or achieve a goal. Stochastic modeling techniques such as
Markov Decision Process (MDP) [18], are the standard mathematical tools for decision

making under uncertainty.

An MDP is a model of an agent interacting with a dynamic world. The agent takes as
input the state of the world and makes a choice about his action, which in turn results in
some reward and a probabilistic transition to a new state of the world. Formally speaking,
a Markov Decision Process is defined as a tuple (S, A, T, R, h), where

e S is the finite set of states s of the world (environment);
e A is the finite set of actions;

e T'is the state transition function that provides P(s'|s, a), the probability of transition

to a next state s’ given that the agent starts at state s and takes action a;

e R is the immediate reward function which depends on the state of the environment

and action of the agent: R(s,a) providing a real number;

e h is the time horizon of the problem, which could be either finite or infinite.

In this model, the next state and reward depend only on the current state and the action
taken; not the additional previous states. This is known as the Markov property, stating
that the conditional probability distribution of future states of the process (conditional on
both past and present states) depends only upon the present state, not on the sequence of
events that preceded it.

MDP framework has been widely used to formulate optimal decision making and control
problems. When the full state information is available, dynamic programming could be
utilized to find the optimal solution of MDPs. However, full state information is not always
available in many real-world problems. Partially Observable MDP (POMDP) framework
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is used to tackle decision problems with imperfect or unobservable state information [53,
Chpater 12].

When there are more than one active decision-maker in the environment, we are dealing
with a multi-agent system [54]. Decentralized Partially Observable Markov Decision Pro-
cess (Dec-POMDP) framework is an extension of single-agent POMDP to a multi-agent
cooperative setting. In a Dec-POMDP, the dynamics of the system and the objective func-
tion depend on the actions of all agents, however each agent need to make decisions based

on local information and imperfect observation of the state.

2.5.1 Partially-Observable Model: Dec-POMDP

Here we provide a formal definition of the employed modeling framework for the partially-
observable case, which is an extension of single-agent POMDP to a multi-agent cooperative
setting. A Decentralized Partially Observable Markov Decision Process (Dec-POMDP) is
defined as a tuple (N, S, 4,0, T,0, R, h,I), where

e N =1{1,2,...,N} is the set of N agents.

S is the finite set of states s in which the environment can be.

A= A; x -+ x Ay is the finite set of joint actions of all agents a = (aq,...,an),

where an individual action of an agent n € N is denoted by a,, € A,.

o O =0 x---x Oy is the finite set of joint observations o = (o1, ...,oy), where an

individual observation of an agent n € N is denoted by o,, € O,,.

e T is the transition function that provides P(s'[s,a), the probability of transition to

a next state s’ given that joint action a is executed at state s.

e O is the observation function that specifies P(o|a,s’), the probability that the agents
receive joint observation o of state s’, when they reached this state through joint

action a.

e 1 is the common immediate reward function which depends on the state of the
environment and actions of all agents. R(s,a) specifies a real number as the common

reward for all agents.
e h is the time horizon of the problem, which could be either finite or infinite.

e [ € P(S) is the initial probability distribution of the state, where P(-) denotes the
set of probability distributions over its argument.
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2.5.2 Optimal Solution of Dec-POMDP

A policy in a fully observable MDP is a mapping from states to actions. The policy of a
user is comprised of a sequence of actions selected by the user at every time step based
on the state of the environment. In selecting the actions, the agent can ignore the history
because of the Markov property. In a POMDP [20], the agent does not observe the state,

but it can compute a belief that summarizes the history and works as a Markovian signal.

In a Dec-POMDP [55], however, each agent will only have access to its individual
actions and observations during execution and there is no method known to summarize
this individual history. It is not possible to maintain and update an individual belief in the
same way as in a POMDP, because the transition and observation functions are specified
in terms of joint actions and observations. The consequence of this lack of access to a
Markovian signal is that planning for Dec-POMDPs involves searching the space of tuples

of individual policies that map full-length individual histories to actions.

Solving a Dec-POMDP is a really challenging task. In fact, it is known that the problem
of finding the optimal solution for a finite-horizon Dec-POMDP with even only two agents
is NEXP-complete [56]. In practice, this means that solving a Dec-POMDP takes doubly
exponential time in the worst case. Moreover, efficient approximation of Dec-POMDP is

not easily possible, and even finding an e-approximate solution is NEXP-complete [57].

Since the number of joint policies in a Dec-POMDP grows exponentially with the
number of possible observations, a brute force search would only be suitable for very small
problems. Therefore, so much effort has been spent by researchers during last decade to
create efficient methods for finding exact or approximate solution of Dec-POMDP. [5§]
provides a recent survey of the existing methods, including approaches based on dynamic

programming [59] [60] [61] [62], as well as heuristic search algorithms [63] [64] [65].

For our work, we use the Joint Equilibrium based Search for Policies (JESP) [60],
which is guaranteed to find a locally optimal joint policy. It relies on a procedure called
alternating maximization, that computes a maximizing policy for one agent at a time,
while keeping the policies of the other agents fixed. This process is repeated until the joint
policy converges to a Nash equilibrium: a tuple of policies such that for each agent’s policy
is a best response to the policies employed by the other agents. JESP uses a dynamic
programming approach to compute the best-response policy for a selected agent, using a

reformulation of the problem as an augmented POMDP by fixing the other agent’s policies.
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Alternating Maximization

One of the most practical methods introduced for solving Dec-POMDP is Joint Equilib-
rium based Search for Policies (JESP) [60], which is guaranteed to find a locally optimal
joint policy. It relies on a procedure called alternating mazrimization, that computes a max-
imizing policy for one agent at a time, while keeping the policies of the other agents fixed.
This process is repeated until the joint policy converges to a Nash equilibrium: a tuple of
policies such that for each agent’s policy is a best response to the policies employed by the
other agents. JESP uses a dynamic programming approach to compute the best-response
policy for a selected agent, using a reformulation of the problem as an augmented POMDP

by fixing the other agent’s policies.

Optimal Value Function

Another approach for solving Dec-POMDP is more in line with conventional methods for
single agent MDPs and POMDPs: identifying an optimal value function @* that can be
used to derive an optimal policy. Even though computation of Q)* itself is intractable, the
insight it provides is valuable [55]. In particular, it has a clear relation with the other two
dominant approaches to solving Dec-POMDPs: the backward and the forward approach

which will be explained in the following.

Backward Approach: Dynamic Programming

The core idea of Dynamic Programming (DP) for Dec-POMDP [59] is to incrementally con-
struct sets of longer sub-tree policies for the agents. Unfortunately, these sets grow doubly
exponentially with the horizon of the problem. To counter this source of intractability,
pruning dominated sub-tree policies is required. DP iterates over agents until no further
pruning is possible, a procedure known as iterated elimination of dominated policies [07].
In practice, the pruning step in DP often is not able to sufficiently reduce the maintained
sets to make the approach tractable for larger problems. Therefore, a number of variants of
this method have also been proposed in order to improve the pruning process. Point-based
DP [60], memory-bounded DP [(1], and DP-LPC [(2] are some of the notable variations
of this approach.

Forward Approach: Heuristic Search

We pointed out that computing Q* is not tractable for Dec-POMDP. The basic idea to

overcome this problem in forward approach is to use an approximation Q instead. One
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popular method in this category, known as MAA* [(3], approximates the optimal value
function with the value function of the ‘underlying MDP’: the MDP with the same tran-
sition and reward function as the Dec-POMDP. In a slightly different variation of this
method, the value function of the ‘underlying POMDP’is used as an approximation. A
generalized framework for MAA*, called GMAA* was proposed by [(4], and subsequently
improved for faster planning leading to GMAA*-ICE method [65].

2.5.3 Fully Observable Model: MMDP

Unlike Dec-POMDP, in a Multi-agent Markov Decision Process (MMDP), each agent is
able to observe the true state of the environment, making the problem fully observable.
MMDP is basically modeling a group of agents who are collectively controlling a process
and share a common objective or reward. It was first studied by [068] in the context
of coordination problem among multiple agents. Figure 2.3 captures the relation between

different frameworks for decision making under uncertainty. An MMDP is formally defined
as a tuple (M, S, A, T, R, h), where

N ={1,2,...,N} is the set of N agents.

S is the finite set of states s in which the environment can be. It is completely

observable by individual agents.

A= A; x -+ x Ay is the finite set of joint actions of all agents a = (ay,...,an),

where an individual action of an agent n € A is denoted by a,, € A,.

T is the transition function that provides P(s'|s,a), the probability of transition to

a next state s’ given that joint action a is executed at state s.

R is the common reward function which depends on the state of the environment
and actions of all agents. R(s,a) specifies a real number as the common reward for

all agents.

h is the time horizon of the problem, which could be either finite or infinite.

At each time step, also known as stage, the agents simultaneously take an action. The
resulting joint action provides a common reward based on the current state. It also causes
a stochastic transition to the next state, of which a joint observation is emitted by the

environment and each agent observes its own component.
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Figure 2.3: Different frameworks for decision making under uncertainty

2.5.4 Optimal Solution of MMDP

Finding a solution for MMDP is as computationally complex as solving MDP; they are
both P-Complete [58]. Taking the joint action space of an MMDP to be the set of basic
actions, it could be viewed as a standard single-agent MDP [09]. Specifically, since there is
a single reward function, the agents do not have competing interests; so any course of action
is equally good for all. Therefore, the optimal joint policies over joint action space could be
computed by solving the standard MDP using an algorithm like value iteration [18], revised
by adding coordination mechanisms to ensure agent policies are consistent with each other.
This approach to solving an MMDP, assuming complete knowledge or availability of the
model, is often called planning. In many practical cases, the transition function of MMDP
is not known, and we need to resort to model-free reinforcement learning approach for

finding the optimal policies.

2.6 SDN and Network-Assisted Rate Adaptation

Software-Defined Networking (SDN) is an emerging networking paradigm with the promise
of changing the limitations of current network infrastructure and providing more flexible
and programmable networks [70] and [71]. Traditionally, a network element (NE) such
as a router does two main things when it receives a packet: first, based on the packet’s
header, the NE decides how to route the packet, using some type of routing algorithm.
Second, it forwards the packet to the next appropriate NE (hop) based on the route. SDN,
on the other hand, physically separates a network’s control plane from its forwarding
plane. Control plane refers to the intelligence that decides how the packets should move

throughout the network (routing algorithm, among others), while forwarding plane refers
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to the physical forwarding of the incoming packets to the next hop in the network. Under
SDN, NEs no longer make the routing decisions, but simply forward packets according to
instructions received from the control plane, which now monitors and controls everything.
This leads to many advantages and features, the discussion of which is also beyond the
scope of this paper. We suffice to mention that the feature of SDN we use in our work
is its ability to provide a centralized global network view: all element and link metrics
(delay, bandwidth, connectivity, topology, etc.) can be measured dynamically [72]. This
centralized global network view has already been taken advantage of by existing literature
for wireless networks. For instance, [73] proposes a Software-Defined Mobile Networks
(SDMN) architecture with programmability, flexibility, and openness features backed by
experimental testing. In a more recent work, [71] addresses the challenges of implementing
intelligent content delivery on SDN-enabled wireless access systems such as LTE and Wi-
Fi, by dynamically controlling network traffic over WANs from edge nodes of wireless

networks.

One approach to address the challenges of congestion control in general, and multimedia
rate adaptation in particular, is to leverage the logically centralized control plane offered
by SDN. In this approach, which has gained a lot of interest over the past few years both
in the academia and industry, centralized SDN-based dynamic resource allocation schemes
are either replacing the distributed rate control and adaptation protocols, or becoming an
important source of assistance in the process of rate adaptation. The concept of network-
assisted rate adaptation is one of the building blocks of the methods proposed in this
thesis.
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Chapter 3

Related Work

In this chapter, we will review the state of the art in bandwidth allocation for video stream-
ing applications. We categorize the most recent related work in this area into three groups.
First MDP-based rate adaptation algorithms will be reviewed. We consider both server-
side and client-side adaptation schemes. The second group consists of a few published
works in the area of fair bandwidth allocation. We will distinguish between rate-fairness
and QoE-fairness. Finally, network-assisted rate adaptation mechanisms are covered in the

third section.

3.1 MDP-based Approaches

Markov Decision Process has been employed by many researchers over the past few years
to formulate the optimal decision making problem in video rate adaptation. It provides
a foresighted optimization framework under stochastic uncertainties posed by the nature
of communication networks. Before the advent and popularity of HAS such as DASH,
server-side rate adaptation problem was at the center of published researches. In [16], the
authors propose a quality-centric congestion control scheme for multimedia streaming over
wired IP networks, using a finite horizon MDP to determine the optimal congestion control
policy that maximizes the long-term video quality, while adhering to some form of TCP-
friendliness constraint. This work assumes full observability of the MDP state, which is
defined to be comprised of the expected TCP window size (representing the network state)
and the number of packets in all packet classes (representing the application state). [75]
takes a partially observable approach in formulating the congestion control problem for
conversational multimedia services by using a POMDP model, whose state is defined to

include the source rate, which is known by the agent, and the packet loss rate, which cannot
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be directly observed. Users need to infer the congestion status of the bottleneck links using
observations and QoE feedbacks, which are provided in terms of MOS. [70] proposes a
cross-layer control mechanism, formulated as an MDP, to stream scalable videos to mobile
receivers. Its goal is to maximize the quality of the received video while accounting for the
variations of the characteristics of the transmitted content and of the channel, by filtering

the scalability layers of the encoded video.

MDP-based optimization has also been applied to the client-side rate adaptation area,
including HTTP-based adaptive streaming. [77] designed a Q-learning-based HAS client to
dynamically learn the best actions corresponding to the actual network environment. [4]
investigated HAS in vehicular environment using an MDP formulation of the problem and
demonstrated its superior performance in terms of reducing playback deadline miss com-
pared to non-MDP solutions. MDP-based rate adaptation for DASH was also studied
in [9], aiming to maximize the users’ QoE under time-varying channel conditions. This
work takes into account key factors impacting the visual quality, including video play-
back quality, video rate switching frequency and amplitude, buffer overflow/underflow,
and buffer occupancy. Another online learning adaptation strategy for DASH clients was
proposed by [6] based on an MDP optimization. The authors introduced a penalty function
into the reward function to penalize the system for rebuffering events as well as moving

away from a safe buffer level.

3.2 Fairness-aware Approaches

Flow rate fairness was, and maybe still is, the predominant way of defining fairness in
network resource allocation. A decade ago, [78] pointed out the shortcomings of this
notion, which turns out to be even impractical. This work addressed the related issues
of fairness and resource accountability of the Internet, in an attempt to dismantle the so-
called "religion” of flow rate fairness. Despite such attempts, the majority of the research
work in the area of fair allocation of network resources, does focus on rate-fairness. For
instance, [79] proposes a rate adaptation scheme, called FESTIVE, which tries to strike an
appropriate balance among three performance metrics for HAS video streaming: fairness,
efficiency, and stability. However, the notion of fairness employed in FESTIVE is all about

equal share of bandwidth and enjoying the same amount of bitrate for different flows.

[80] is another recent work aimed at realizing trade-offs among mean, variability,
and fairness in resource allocation, which introduces a generalization of NUM framework
to incorporate the detrimental impact of temporal variability in a user’s QoE. It’s main

contribution is the development of an online algorithm, which asymptotically solves the
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variability-aware resource allocation problem. However, utility functions have been used
in the formulation of the optimization problem, as proxies for the users’ QoE. Under the
assumption that these utility functions are concave and differentiable, the obtained resource

allocation would be a-fair in QoE.

In [7], the authors propose a novel rate adaptation algorithm called FINEAS (Fair In-
Network Enhanced Adaptive Streaming), for achieving QoE-fairness in a multi-user setting.
They use an in-network system of coordination proxies to facilitate fair resource sharing
among clients. As a result, QoE-fairness is achieved without explicit communication among

clients and thus no significant overhead is introduced into the network.

In a highly cited paper, [21] reported that unfairness is mainly caused by the quality
adaptation algorithms themselves, since they are not designed to explicitly cope with a
multi-user scenario. It is shown that a relevant cause of unfairness is the temporal overlap
of the ON-OFF periods of different clients, since this can lead to wrong bandwidth estima-
tions. Based on this consideration, most of the algorithms designed to improve fairness in

HAS focus on the modification of the time interval at which clients request a new segment.

While many HAS system designs aim at sharing the network bandwidth in a rate-fair
manner, some recent research works are focusing on achieving a QoE-fair allocation of re-
sources. [32] proposed a price-based controller for HAS clients that is able to reach quality
fairness while preserving the main characteristics of HAS systems and with a limited sup-
port from the network devices. In [83] a new SDN-based dynamic resource allocation and
management architecture for DASH is proposed, which aims to alleviate quality instability

and unfair bandwidth sharing issues and improve the per-client QoE.

In [84], the authors aim at improving QoE and fairness in adaptive video streaming over
wireless LTE networks. The share of radio resources is optimized according to video content
characteristics, play-out buffer levels and channel conditions to deliver fair video quality
and to achieve asymptotically fair play-out buffer levels among HAS clients competing for

the same wireless resources in an LTE cell.

3.3 Network-assisted Approaches

One of the early works in the area of network-assisted rate adaptation is Layered Internet
Video Adaptation (LIVA) [35], in which network nodes feed back virtual congestion levels
to video senders to both assist bandwidth sharing and transit-loss protection. The video
senders respond to such feedback by adapting the rates of encoded scalable bitstreams based

on their respective video rate-distortion characteristics. Later, [$0] proposed a coordinated
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Internet video control plane: motivated by measurement-driven insights, they made a
case for a video control plane that can use a global view of client and network conditions
to dynamically optimize the video delivery in order to provide a high quality viewing
experience despite an unreliable delivery infrastructure. Their analysis shows that such
a control plane can potentially improve the rebuffering ratio by up to two times in the

average case and by more than one order of magnitude under stress.

With the prevalence of HT'TP-based adaptive streaming (HAS) and DASH [1] over the
past few years, network-assisted rate adaptation schemes for DASH were also proposed
and promoted both by the academy and industry. The idea of in-network quality opti-
mization for DASH was introduced by [37]: several centralized and distributed algorithms
and heuristics were proposed that allow nodes inside the network to steer the HAS client’s
quality selection process. The algorithms are able to enforce management policies by lim-
iting the set of available qualities for specific clients. In another work, [33] proposed an
SDN-based QoE optimization for HAS to tailor the bandwidth allocation to both content
complexity of the requested video and playout buffer status of individual clients, instead

of allocating bandwidth equally among competing flows.

On the industry side, MPEG is working on Server and Network Assisted DASH (SAND)
[39], which provides asynchronous network-to-client and network-to-network communica-

tion of quality-related assisting information.

Most implementations of DASH players naively estimate bandwidth from a one-sided
client perspective, without taking into account other devices in the network. This behavior
results in unfairness and could potentially lower QoE for all clients. To counter that, [90]
proposed an OpenFlow-assisted QoE fairness framework that aims to fairly maximize the
QoE of multiple competing clients in a shared network environment. By leveraging a SDN’s
OpenFlow, the authors provide a control plane that orchestrates this functionality. Using
a similar approach, [91] proposed an SDN application to monitor network conditions of
streaming flow in real time and dynamically change routing paths using multi-protocol label

switching (MPLS) traffic engineering (TE) to provide reliable video watching experience.
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Despite the relatively rich literature on any of the three preceding topics, an all-inclusive
approach to the problem of bandwidth allocation for video streaming which i) formulates it
as a foresighted optimization using MDP-based models, ii) is aware of QoE-fairness among
concurrent users, iii) takes advantage of the network assistance for a more efficient and fair
resource allocation, and iv) most importantly, takes into account the multi-agent nature

of the problem, is missing int the state-of-the-art.
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Chapter 4

Bandwidth Allocation using
Sigmoidal Utility Functions:
NUM-SP

Network bandwidth allocation is crucial in network design, deployment, and maintenance.
It deals with this fundamental question: how much bandwidth should be allocated to
each user and/or flow on the network, such that we provide fairness to users while also
making efficient use of network resources? Typically, the answer comes after modeling
the question as an optimization problem and solving it. The most common solutions are
that of, or similar to, Network Utility Maximization (NUM) [29], [92]. In NUM, users’
level of satisfaction is modeled by utility functions and maximized subject to network
capacity constraints, leading to a price-based distributed rate allocation. These types of
methods have gained much interest during the past two decades. For example, it has been
shown that the well-known TCP congestion control algorithm is actually implicitly solving

a utility maximization problem [92].

Unfortunately, a common assumption behind these methods is that the utility functions
for traffic flows are concave, which is critical for analytical tractability and convexity of
the NUM optimization problem. However, the utility function of multimedia flows such
as video streaming is not concave, but sigmoidal. Shenker [93] was the first to suggest
sigmoidal functions to model end-user’s utility for delay- and rate-sensitive multimedia
applications. Sigmoidal functions have also been used in a number of studies [91], [97] as
a model of user satisfaction or Quality of Experience (QoE) for multimedia traffic. More
recently, it has been shown that the video streaming QoE of popular video services such
as YouTube is indeed a sigmoidal function of bitrate [96]. This means that the optimality

and applicability of current rate allocation techniques for multimedia flows are doubtful,
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Figure 4.1: Sigmoidal vs. concave utility functions

because they use concave functions.

A single-sigmoidal is a shape that has one convex region followed by a concave one with
a single inflection point separating the two regions. The intuition behind this shape is that
low values of rate offer very low degree of user satisfaction, and as data rate increases,
user satisfaction increases rapidly up to a turning point where the slope of increase starts
to decline until a saturation appears and user satisfaction reaches maximum. Figure 4.1

shows a single-sigmoidal utility function versus a concave one.

In this chapter, we present an optimization framework, called Network Utility Maxi-
mization with Sigmoidal Programming (NUM-SP), for maximizing sigmoidal utility func-
tions subject to network constraints. We formulate the problem of network bandwidth
allocation of video traffic as a NUM with sigmoidal utility. This is a nonconvex opti-
mization problem and is NP-hard to solve [97], [98]. Using recent mathematical findings
on bounding the duality gap for optimization problems with separable nonconvex objec-
tive functions [99], we propose an approximate solution of the sigmoidal NUM problem
that guarantees e-suboptimalily. We also implemented our proposed NUM-SP, using op-
timization software packages in Julia [100], to compare its resulting flow assignments to

two existing representative rate allocation methods: Proportional Fair and Max-Min Fair.
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Finally, we present the results of extensive simulations on a range of realistic network
topologies, and we show that our sigmoidal programming method outperforms the above
methods in terms of average utility of users, fairness, number of satisfied users, and network

capacity usage.

4.1 Background: NUM and Nonconvexity

4.1.1 NUM Framework

Consider a communication network with L links and S sources (i.e., users). Each link { has
a fixed capacity of ¢;, and each source s is assumed to transmit only one flow at a rate of
x,, and has a utility function U,(z,). We denote the set of links used in the path of source
s by L(s), and the set of sources/flows sharing link [ by S(I). The basic version of NUM
could be described as follows:

S
maximize Z Us(z)
s=1

xeRS
subject to Z xs < ¢, VI, (4.1)
seS(1)
x > 0.

This means maximizing total utility of all network users over the set of nonnegative
values of source rates x € R?, subject to linear flow constraints on all links, which have

limited capacities.

There are a number of basic assumptions for utility functions in NUM: they are assumed
to be functions of the allocated rate (rate dependency) and only its own rate (locality),
continuous and twice differentiable (smoothness), increasing with rate (monotonicity), and
strictly concave. This concavity is critical for NUM to be a convex optimization problem
and hence mathematically tractable: a local optimum is also a global optimum, and the
duality gap is zero [30]. Zero duality gap implies that the minimized value of the La-
grange dual problem, which provides a decomposition structure, is equal to the maximized
total utility in the primal problem (4.1). Utilizing the decomposed dual problem, a dis-
tributed solution could be constructed for NUM, where each source only needs its own
utility function and each link its own capacity. This results in a distributed rate allocation

and congestion control algorithm for the network.
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In addition to analytical tractability, another justifications of the concavity assump-
tion is law of diminishing marginal utility in economics, which states that the first unit
of consumption of goods or services yields more utility than the second and subsequent
units, with a continuing reduction for greater amounts. Similarly, following the same law,
the utility function of network users should become concave as the allocated rate increases.
However, experience shows that while the law eventually will be effective, for video stream-

ing it doesn’t do so through the entire domain [96].

In his seminal paper, Shenker [93] differentiated inelastic and elastic network traffic.
Utility functions for elastic traffic, which include traditional data like file transfer and e-
mail, were modeled as strictly concave, based on the intuition that they have decreasing
marginal improvement for incremental rate increases. Some other applications, however,
are not as delay-tolerant as elastic traffic and have an intrinsic bandwidth requirement.
Multimedia streaming traffic falls into this category, which cannot be accurately modeled
by concave utility functions. Shenker distinguished three different types of inelastic traffic:
hard real-time, delay-adaptive, and rate-adaptive; he also proposed three utility forms for
these categories. If elastic traffic is considered to be positioned at one end of the delay
tolerance spectrum, at the end are applications with hard real-time requirements. Tradi-
tional telephony, and other applications that expect circuit-switched service, are examples
of hard real-time applications. The utility curve for such applications looks like a step
function as depicted in Fig. 4.2. Applications with hard real-time requirements would
function much better in a network using admission control to ensure that the bandwidth

shares never fall below the critical level [93].

Unlike traditional telephony, multimedia streaming over best-effort networks like the
Internet are rather tolerant of occasional violations of delay bounds and packet losses. So
their utility would not react as abruptly to rate changes. However, since multimedia appli-
cations have an intrinsic bandwidth requirement, independent of the network conditions,
their utility would degrade as soon as the bandwidth share falls below the intrinsic data
generation rate. For these delay-adaptive multimedia applications, the utility function has

a sigmoidal form as shown in Fig. 4.2.

There is still another class of real-time or inelatic traffic: rate-adaptive applications,
such as MPEG-DASH, which adjust their rate in response to fluctuations of available
bandwidth. This adjustment keeps the delays moderate and avoids the streaming flow
getting stalled, as long as the bandwidth share is not unreasonably low. Thus, the utility
of the application and its user’s QoE depends completely on the quality of the audiovisual
signal. At large bandwidths, the marginal utility of additional bandwidth is very slight
because the audio/video quality is already high and beyond human perception. Moreover,

at very small bandwidths, the marginal utility is again very slight because the signal quality
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Figure 4.2: Utility functions for different classes of network flows

is unbearably low and perhaps imperceivable by the user [101]. Similar to the regular
(delay-adaptive) multimedia utility functions, these utility functions are not concave in
a neighborhood around zero; however, as the rate increases beyond the inflection point,
which in this case is tied to the bandwidth need of the minimally acceptable quality, the
curve becomes concave, as shown in Fig. 4.2. Recent experimental studies, such as [J0],
also confirm that the utility or QoE for YouTube video streaming service is actually a

sigmoidal function of the video bitrate.

4.1.2 Nonconvex Network Optimization

Convexity is often viewed as the “watershed” between easy and hard optimization prob-
lems [95]. However, there has been much progress on nonconvex optimization over the
past decade. Chiang [102] categorizes the proposed approaches into three alternatives for
tackling nonconvex optimization problems in communication networks: 1) going “through”
nonconvexity: solving the difficult nonconvex problem by for example, using successive con-
vex relaxations, utilizing special structures in the problem, or leveraging smarter branch
and bound methods; 2) going “around” nonconvexity: avoiding the nonconvexity by for

example, changing variables or making approximations to convert the problem into a con-

34



vex one, or determining conditions under which the problem is convex; 3) going “above”
nonconvexity: reformulating the problem in the first place to make it more solvable or at

least approximately solvable, also known as design for optimizability.

While some nonconvex optimization problems, like power control in wireless networks
or spectrum management in Digital Subscriber Line technologies, are tackled using the
“around” approach, and the nonconvex routing problem of the Internet is approximated
using the “above” approach, nonconvex NUM problem appears to be manageable only by
taking the “through” approach, which involves facing the difficulties of nonconvex prob-

lems. For more details about these three approaches, see [102].

One of the earliest attempts to solve the nonconvex NUM is the sum-of-square method
[97]. This centralized computational method is empirically found to compute the globally
optimal rate allocation efficiently. However, since this approach was not amenable to
distributed algorithms required for conventional IP networks, it did not gain much attention
at that time. The lack of theoretical guarantees on its optimality is another drawback,
which hinders its application even in centralized settings. Finally, this method only works
for polynomial utility functions, while we are using exponential sigmoidal utility functions.

So we can neither use nor compare our method to this method.

Later, Chiang et al. studied distributed rate allocation for inelastic traffic [95]. For
NUM with sigmoidal utility functions, they found a set of necessary and sufficient con-
ditions under which the standard distributed price-based rate allocation algorithm would
converge to the optimal solution despite the fact that the problem formulation is noncon-
vex. Note that relaxing the critical assumption of concave utility functions results in a
nonconvex optimization problem, where a local optimum may not be a global optimum
and the duality gap could be strictly positive. Therefore, the standard distributed rate
allocation algorithm that solves the dual problem may produce infeasible or suboptimal
rate allocations. The authors prove that continuity of price-based rate allocation with
respect to the dual variable at all of the optimal prices is a sufficient condition for global

convergence.

Authors in [91] extend the NUM framework and show that for sigmoidal utility func-
tions, the optimal rate allocation is discontinuous at only one point. This discontinuity
point can cause oscillations when trying to solve the problem using a gradient iterative
method. A set of conditions is also proposed with at least one of them to hold when a user
causes oscillations. To resolve these oscillations, they stop the user causing the oscillation
from transmitting, allowing the rest of the users to stabilize. This method has been shown
to approach optimal solution as the number of users tends to infinity. However, since it is

excluding some users from being allocated resources, its fairness is questionable [103].
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Recently, [98] addressed the problem of maximizing a sum of sigmoidal functions over
a convex constraint set. It defines the Sigmoidal Programming problem and shows that
the general problem is NP-hard. Built upon the mathematical results of [99], they propose
an approximation algorithm using a branch and bound method to find a globally optimal
approximate solution to the sigmoidal programming problem. We adopt this approach in

developing an efficient solution method for our NUM problem with sigmoidal utilities.

4.1.3 Fair Resource Allocation

Generally, fairness does not simply mean allocating the same share to all users. Several
notions of fairness have been proposed in the literature [16], with the two most represen-
tative ones being "max-min fair” and ”proportional fair”.

Maz-min fair: Consider a resource allocation problem, with a feasible solution vector
x € RY,
be max—min fair, iff no z; can be increased without decreasing some other’s share which is

where z; is the resource allocated to user ¢. This allocation vector is defined to

already smaller than or equal to x;. Max-min fair allocation maximizes the minimum share
and can be viewed as giving the maximum protection to the user with minimum allocated
resource. Depending on the problem, a max-min fair allocation may or may not exist;
however, in case of existence, it is unique. For network bandwidth allocation problem,
algorithms have been developed for achieving max—min fair rates.

Proportional fair: The notion of max-min fairness puts emphasis on maintaining high val-
ues for the smallest. This might lead to resource utilization inefficiency. An alternative
definition, known as proportional fairness, proposed by Kelly [29], considers an allocation
vector x to be proportionally fair, iff it is feasible and for any other feasible vector y, the

aggregate of the proportional changes is non-positive; i.e.,

YA S <o, (4.2)
i=1 i

T

There exists one unique proportionally fair allocation, which is obtained by maximizing
the sum of logarithmic utility functions of users over the set of feasible allocations. It is
shown that TCP’s rate control roughly corresponds to the optimal solution of this loga-
rithmic utility maximization problem, and therefore TCP fairness is close to proportional

fairness [29].

In addition to the above two qualitative definitions of fairness, we can also quantify the
degree of fairness associated with an allocation vector x, using a fairness measure, which

is a mapping from allocation vectors to real numbers. Various fairness measures have been
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proposed across different scientific disciplines, ranging from the simple ratio between the
smallest and the largest entries, to more sophisticated functions like Entropy and Jain’s

index [11], the latter very common in network resource allocation, and defined as:

J(x) = izt ) 0,1]. (4.3)

o Z?:l x?

Jain’s index, also simply known as fairness index, is a bounded and continuous function
which is independent of population size and scaling of allocated values. Due to these
desirable properties and its rather simple formula, Jain’s index is the most widely used

fairness measure for resource allocation methods.

4.2 Proposed Approach: NUM-SP

4.2.1 Problem Formulation

Consider the following optimization problem:

n

maximize f(x) = ; filz) (4.4)

subject to x € C.

where f;(x) : [l,u] — R is a sigmoidal function for each i, and the variable x € R™ is
constrained to lie in a nonempty bounded closed convex set C. We call a Lipschitz [30)]
continuous function to be sigmoidal if it is either convex, concave, or convex for x < z and
concave for x > z for some parameter z € R, which identifies the inflection point of the
sigmoidal function. The above problem is called Sigmoidal Programming (SP) problem.

The class of sigmoidal functions includes “s-shaped” graphs, such as the logistic function:

C

V) = Treen

(4.5)
where ¢ is the maximum value of the utility function, b is the inflection or turning point

of the sigmoid, and a is the slope of the sigmoidal curve at turning point.

Now consider a network with S concurrent sources of multimedia flows (e.g. video
streaming). We assume that all sources/users share a particular sigmoidal utility function
Vs Ug(xs) = U(xs), where U(+) is of the form of Equation (4.5). The goal is to maximize

total utility of all users. Network constraints could be described in terms of the routing
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<?xml version="1.0" encoding="UTF-8" standalone="yes"?>
<nsZ :Topology xmlns:nz2="/¥MLBinding">
<HetworkElements>
“HetworkElement>
<MName>R1</HName>
<HetworkElementId>R1</HetworkElementId:>
= <Ports>
E <Ports>
<PortID>tPl</PortID:>
10 «Index>0</Index>
11 <Bandwidth>2000</Bandwidth>
<fPorts>
= “<FPort>
14 <PortID»>tP2</PortID>
“Index>1</Index>
<Bandwidth>2000</Bandwidth>
- </Porc>
= <Portcs
<PortID»tP3</PorcID>
“Index>2</Index>
<Bandwidth>2000</Bandwidth>
</Port>
- </Bortas
< /HetworkElement>
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Figure 4.3: A segment of XML file describing network topology of the tree-shaped CDN

matrix R, vector of link capacities ¢, and non-negativeness of flow assignment variables,

leading to the following Sigmoidal Programming variant of NUM, which we call NUM-SP:

x€ERS

s
maximize Z Ulxs)
s=1

(4.6)
subject to Rx < c,

x > 0.

4.2.2 Proposed Solution

We propose a centralized solution of the above problem, as opposed to the distributed
ones typically used in existing work, because with the recent advent of Software-Defined
Networking (SDN), it has become realistic to assume that a global view of the network is
available, for example at the SDN’s control plane, for the same network service provider.

In networks that span multiple providers, each provider can implement our solution based
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<?xml wversion="1.0" encoding="UTF-8" =tandalone="yes"?>
[H<n=2:5ervice xmlnz:inz2="/zervices/XMLBinding">
<Hame>SigTest2</ Hame>
«UID>6f5a26ae-f5do-4fbo-9b9T7-ebB1fBoelebe« /UID>

E “Flows>
— {ﬂlnw}
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Figure 4.4: A segment of XML file describing services (streaming flows) over the CDN

on incoming and outgoing flows to/from its own network.

Our solution is adopted from the algorithm in [9%], which employs the well-known
branch and bound method [104] for nonconvex optimization problems and is in turn, based
on the mathematical results on bounding the duality gap for problems with separable
objective functions [99]. The branch and bound method is a recursive procedure for finding
the global solution to an optimization problem restricted to a bounded rectangle. The
method works by partitioning the rectangle into smaller rectangles, and computing upper

and lower bounds on the value of the optimization problem restricted to those small regions.

The algorithm proposed by [98] computes upper and lower bounds for the sigmoidal
programming problem by relaxing it to a tractable convex program. These upper and
lower bounds are used as the basis of a recursion that eventually converges to the global
solution of the problem. For a detailed description of the algorithm and the mathematical
proof for its e-suboptimality see [98] and [99], respectively. The only requirement of this
algorithm is the ability to construct a concave upper bound on the objective functions

to be maximized on any rectangle. Therefore, this algorithm could be applied to sum of
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sigmoidal functions, such as Equation (4.4).

An implementation of this algorithm is provided as an open-source Julia package [107].
This package models the sub-problems created at each node in the branch and bound tree
using the Julia for Mathematical Optimization (JuMP) modeling language, making it easy
to substitute different solvers. In our case, all the convex sub-problems are simply linear
programs, which could be efficiently solved by GNU Linear Programming Kit (GLPK). We
used this package to implement our solution for NUM-SP.

We model the user’s QoE or utility function as a sigmoid described by Equation (4.5)
with the following parameters: a = 1, which makes a unity slope around the inflection point
of the utility function; b =450 kbps, which is the average minimum acceptable bitrate of
video streams on different devices and as mentioned before, defines the inflection point of
the sigmoidal function; and ¢ = 5, which sets the maximum value of the utility to the scale
of Mean Opinion Score (MOS) for QoE.

We also describe network topology, link capacities, and demanded services (multimedia
streams) in XML files and feed them into our Julia code, which constructs the NUM-SP
and solves it using solvers implemented in the Sigmoidal Programming package. Samples
of these XML files are shown in Figures 4.3 and 4.4. As shown in the XML segment, for
each flow, we define a minimum and maximum bandwidth required for the streaming to

proceed, which are set to 200 kbps and 500 kbps, respectively.

4.3 Performance Evaluation

We constructed a wide range of video streaming scenarios over a number of realistic network
topologies. In [106], we showed evaluation results using a backbone network topology of
an actual Telco company. But since major video streaming platforms, like Netflix and
YouTube, utilize Content Delivery Networks (CDN) for fast and efficient video delivery,

here we use CDN topologies for our evaluations.

According to [$7], typical access networks use a logical tree for their content delivery,
although the underlying physical network is not a tree due to replication concerns. CDNs
have three type of nodes: servers, proxies, and clients, which are connected in a logical
tree topology in ¢ levels and with k branches at each level. Using a ”Bottleneck Factor”
(BF), the bandwidth of upper-level links are calculated based on the full load bandwidth
requirement of all child branches multiplied by BF'. Figure 4.5 shows the topology of
a sample tree-shaped CDN, including one video delivery server (reflector), three proxy

servers, and nine edge servers.
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Figure 4.5: A CDN with tree-shaped topology: flows (represented by arrows), streaming
from the delivery server (reflector) to clients

Table 4.1: Benchmark CDNs

Topology Reflector Proxy Edge End-User
Server Server

CDN-A 1 5 25 125

CDN-B 1 10 100 1000

We consider two benchmark delivery networks: CDN-A as a small size delivery network
with 125 end-users (clients), and CDN-B with a larger size of 1000 clients. Both networks
have ¢ = 4 levels, with £ = 5 branches at each level for CDN-A, and k£ = 10 for CDN-B.
Table 4.1 lists the number of delivery servers (reflectors), proxy servers, and edge servers
for each of these benchmark CDNs. The capacity of links from edge servers to clients is
assumed to be equal to 500kbps, to allow for acceptable video quality which is assumed to
require 450kbps, as mentioned before. Using a bottleneck factor of BF = 0.8, we set the
capacities of other links of the CDNs at upper levels.

Table 4.2: Simulation Scenarios

Topology Flows Overloaded Overloaded
/Scenario Proxies Edge Servers
CDN-A S1 80 1 5

CDN-A S2 80 2 5

CDN-A S3 90 3 9

CDN-B S1 720 4 16

CDN-B S2 760 8 24

Our delivery networks are providing service to a number of concurrent streaming flows

from the reflector to a random subset of the clients. In order to simulate different distri-
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butions of active clients, we design several streaming scenarios/services as listed in Table
4.2. For instance, while the number of concurrent flows and also overloaded edge servers
in S1 and S2 scenarios for CDN-A are equal, they are representing different geographical
distribution of overloaded edge servers, and hence different number of overloaded proxy
servers. While the scenarios are designed to represent under-provisioned situations in terms
of having overloaded links and proxy servers, the ratio of active clients (number of stream-
ing flows) to all network clients is still less than the bottleneck factor used for network

provisioning.

For each of these scenarios, we solve the NUM problem for three methods: our proposed
NUM-SP method, Proportional Fair and Max-Min Fair. We use the resulting flow assign-
ments from each of these optimization methods to calculate the level of users satisfaction,
according to the utility functions described in Equation (4.5). Finally, we compare the
methods in terms of the following metrics: 1) average utility of all users, 2) Jain’s fairness
index, 3) number of satisfied (QoE > 3.5) users, and 4) network capacity usage.

As shown in Figures 4.6 and 4.7, our NUM-SP method has consistently improved the
average utility of network users, and thus is more efficient for bandwidth allocation. Specif-
ically, we observe a minimum of 60% QoE improvement compared to the best contender
of the other two methods. This is actually a direct outcome of our method taking into
account the sigmoidal shape of the utility function, whereas Proportional Fair and Max-
Min Fair do not do so. The percentage of satisfied clients (PSC) is a closely related metric
that further validates the improvement. While PSC of other methods drops to almost 10%
in some cases (e.g., CDN-B S2), our method maintains a minimum PSC of 50%, even in

seriously under-provisioned scenarios.

Jain’s fairness index results show that NUM-SP is significantly fairer than the other
two methods, with improvements of at least 45%. The reason is that our method does not
allocate more bandwidth to users who have already reached the upper end of the sigmoid
with a satisfactory QoE, since it realizes that increasing their bandwidth share does not
significantly improve their utility. This is not the case for the other methods, whose utility

is concave and increasing with rate.

Aside from the improvements in utility and fairness, we are also interested in total
network capacity usage, from the network operator’s point of view. KEvaluation results
indicate that, despite its superiority in providing higher average utility and fairness, NUM-
SP is actually consuming slightly less network resources. Our other experiments show that
even for well-provisioned scenarios, where all methods are able to achieve high average
utilities and fairness, NUM-SP offers significant (up to 20%) advantage in network capacity
usage. This is mainly because NUM-SP does not waste bandwidth by allocating it to users
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Figure 4.6: Comparison of different methods in terms of performance metrics for CDN-A
network topology

whose final share of the bandwidth would remain in the lower part of the sigmoid and
hence their utility/QoE would not improve. In addition, if a user is already in the upper
part of the sigmoid, enjoying a satisfactory level of QoE, our method would not allocate
more bandwidth to him, whereas other methods maximizing concave utilities would do
that.

4.4 Summary

Although the bulk of today’s Internet traffic is multimedia, especially on-demand video
streaming, conventional rate allocation algorithms assume a concave utility function which
does not apply to multimedia flows, which have a sigmoidal utility function. In this chapter,
we proposed a centralized solution for video flow utility maximization, using sigmoidal

programming.

Utilizing some recent mathematical findings for minimizing a sum of nonconvex func-
tions over a compact domain, we developed a solution method for the NUM-SP prob-
lem and, despite its NP-hardness, we obtained approximate solutions guaranteeing e-

suboptimality. Our experiments showed both the feasibility and the superiority of our
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Figure 4.7: Comparison of different methods in terms of performance metrics for CDN-B
network topology

solution compared to other representative optimization methods, in terms of utility and

user satisfaction, fairness, and network capacity usage.

It is worth mentioning that our work is not restricted to TCP- or UDP-based video
streaming schemes. In fact, the only assumption in NUM-SP is the sigmoidal utility

function; therefore, it should work for any kind of multimedia streaming.

Numerical results show that our proposed sigmoidal programming method outperforms
existing rate allocation algorithms, such as proportional fair and max-min fair, in terms
of efficiency (total or average utility of network users) and fairness (Jain’s index), while
utilizing similar or less amounts of network resources. Specifically, we observed improve-
ments of at least 60% in average utility (QoE) and 45% in fairness, compared to other

representative optimization methods.

To conclude, we would like to mention that although one could also think of using a
staircase utility function consisting of multiple sigmoid functions connected one after the
other, and each representing a different video quality (e.g., 720p, 1080p, 4K, etc.), this
scheme is not appropriate because it does not match the real-world observations reported
in the literature, which have found that even with multi-quality video, such as those used

in YouTube, the video’s utility function is still a single sigmoid [96].
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Chapter 5

Addressing Fairness Explicitly:
From NUM to SUM

Having reviewed NUM framework in Chapter 2 and having proposed NUM-SP as a new
variant of NUM for multimedia streaming in previous chapter, we now introduce the novel
concept of Social Utility Maximization (SUM) as a replacement for NUM, with explicit

handling of the fairness issue in bandwidth allocation.

We already know that depending on the type of utility functions used in formulating the
NUM problem, the solution would implicitly satisfy some form of fairness; e.g. proportional
fairness for logarithmic utility functions. However, such notions of fairness are not as
intuitive as desired in many applications, and yet there is no guaranteed way to achieve
them for other types of utility functions. SUM framework incorporates a desired fairness
measure directly into the objective function of the optimization problem so that its solution

provides a socially optimal distribution of the network resources.

We first present the key conceptual components of the SUM framework, and then

elaborate on the technical details.

5.1 Core Components

5.1.1 Ultimate Utility: QoE

The ultimate goal of bitrate adaptation is to improve the QoE of users in order to achieve
higher long-term user engagement. So in formulating our multi-agent decision process

model, we assume that the utility function of the agents is their QoE. Since QoE is a
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subjective measure of quality which is not readily available in real-time, an automatic

prediction method is required to map the network’s Quality of Service to user’s QoE.

Different QoE models could be plugged into the SUM framework. In Section 2.4, we

provided a brief review of some QoE models for video streaming applications.

5.1.2 Social Welfare: Efficiency and Fairness

When different network users selfishly compete for the shared resources like bandwidth,
their behavior could affect the entire system and result in a damage to everyone’s interest.
This problem known as Price of Anarchy [107] is a widely studied concept in economics and
game theory that measures how the efficiency of a system degrades due to selfish behavior
of its agents. To avoid such degradations, a multi-agent system could be designed in a
way to promote explicit or implicit cooperation among its agents. This could be done by
providing incentives to the agents for behaving cooperatively. As a matter of fact, there
is strong scientific evidence that shows intelligent selfish agents are capable of learning to

cooperate [108].

We assume that all users of the network are aware of the benefits of a cooperative
approach, and are programmed to behave altruistically, as opposed to selfishly. This as-
sumption does not violate the independent operation of the agents, nor does it impose
any type of communications or information exchange among the users. It simply assumes
that the geographically distributed users of the network not only share common resources,
but also share a common objective function, called social welfare, which captures both
efficiency and fairness. Here, efficiency refers to maximizing total utility of all users. We

also use Jain’s index as a measure of fairness of utilities.

We define the social welfare function as a weighted sum of the network’s total utility
and some fairness measure of the distribution of utility, namely Jain’s index. We will

elaborate on technical details in the subsequent section.

5.1.3 Foresighted Optimization under Uncertainty

Most existing rate adaptation methods, whether buffer-based or throughput-based have a
myopic and reactive behavior based on the current network condition. Instead, we propose
to employ MDP-based models to perform a foresighted optimization over a finite horizon, so
that the rate adaptation scheme would be capable of taking into account the future impacts

of its rate adjustments on user’s QoE. Specifically, the proposed foresighted optimization
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framework attempts to avoid video stalling and also minimize video quality switches, in

order to maximize QoE.

Modeling the inherent uncertainty of the network condition is another aspect of the
proposed optimization method. Even in control-theoretic approaches [109] to dynamic
rate adaptation, which leverage Model Predictive Control for a foresighted optimization,
a deterministic model-based approach is taken. We emphasize that this is a problem of

decision-making under uncertainty as described in Section 2.5.

In our proposed rate adaptation framework, we will develop a foresighted optimization
under uncertainty using the MDP-based decision process models, that tries to maximize

the long-term expected QoE of the user.

5.1.4 Common Interest Game in a Multi-Agent System

Although video streaming is obviously a multi-agent problem with more than one utility-
maximizing decision-maker, competing for obtaining larger piece of the shared cake, there
are very few works in the literature that are based on models of multi-agent systems. As one
of the key components of our proposed modeling framework, we employ multi-agent models
and decision processes for capturing the strategic interactions among different network

users in a rate-adaptive video streaming scenario.

Common interest or cooperative games are special types of multi-agent systems in which
the individual utility of the agents coincides with the joint utility of the group [67]. Since
the agents share a common objective function, they are all open to cooperation, leading to
a grand-coalition [110]. We try to leverage this cooperative behavior to maximize the social
welfare function to achieve both efficiency and fairness at the same time. This results in
a coordinated resource allocation where Price of Anarchy is minimized and public good is

provided.

5.2 Definition of Social Utility

We assume that all users of the network are programmed to behave altruistically, as opposed
to selfishly, although they all operate independently without any type of communications or
information exchange. In other words, the geographically distributed users of the network
not only share common resources, but also share a common objective function, called social

welfare or social utility, which captures both efficiency and fairness.
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By efficiency, we mean maximizing total utility of all users. Fairness, on the other hand,
could have many different interpretations and criteria [111]. Various fairness measures have
been proposed across different scientific disciplines, ranging from the simple ratio between
the smallest and the largest entries, to more sophisticated functions like Jain’s index [11],
which is very popular in network resource allocation. An axiomatic theory of fairness was
constructed by [16] in an attempt to formalize the notion of fairness. This work showed
that all fairness measures satisfying five basic axioms, form a unique family of functions

fs(+) parametrized by §, where the Jain’s index corresponds to the special case of § = —1.

We define the social welfare function as a weighted sum of the network’s total util-
ity and some fairness measure of the distribution of utility, namely Jain’s index. Let
u = [ug,ug,...,uy]? be the vector of utilities (i.e. QoE’s) achieved for all N users of
the network. We apply Jain’s fairness function to the allocation vector and combine it
with the sum 25:1 u, as a measure of efficiency in order to construct a scalar metric for

maximization of both objectives:

D(u) = log (Z un> + Alog (J(u)) (5.1)

n=1

where 9
J(x) = ——=<10,1 5.2
)= gy € 01 5:2)
is the well-known Jain’s index for distributive fairness [11] and A serves as the relative
importance of our two objectives.
It could be shown [1(] that there is an upper bound for A in order for the welfare

function to preserve the common sense of Pareto dominance. It turns out that A should be
B

1-8
Replacing A = 1/2 in Equation 5.1, our social welfare function could be written as

less than or equal to A = , which would be equal to 1/2 for the case of Jain’s index.
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Chapter 6

SUM with Partial Observability of
Congestion: Dec-POMDP

After introducing the framework of SUM in previous chapter, we now turn to the applica-
tion of SUM to the problem of bandwidth sharing in a multi-user video streaming scenario.
Video traffic on the Internet has been growing at a rapid pace during past decade, and an
increasing fraction of this video traffic comes from video streaming services, such as live
streaming, video-on-demand and over-the-top (OTT) video services, usually used concur-
rently by several users who share common network resources. Hence, a fair and efficient
video rate allocation model is required to 1) prevent congestion, and 2) provide a balanced
video quality to all end users. Since there is no centralized authority for resource allocation
in the Internet, a distributed solution for video rate adaptation is needed for congestion
avoidance and bandwidth sharing among multiple video streams. The design of such a

solution is a challenging problem in today’s video delivery industry.

The earliest attempt to providing such a solution was TCP-Friendly Rate Control
(TFRC) [12], in which the video sender infers the network condition from the estimated
packet loss rates and delay metrics reported by the receiver via feedback packets. Naturally,
this can only react to network congestion or packet loss and lacks a foresighted behavior.
Some network-assisted approaches [25] have been proposed to fix these issues and improve
agility in response to abrupt changes in traffic or network conditions. Although TFRC tries
to provide fair bandwidth sharing to flows of different protocols, most existing congestion
control solutions fail to provide a fair allocation of network bandwidth among competing
video streams. Generally, fairness is not explicitly taken into account as an objective. Even
when fairness is considered [79], it is about fair distribution of throughput, while the end
users’ quality-fairness, which is more desirable and has the ultimate impact on the human

user, is typically ignored.
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In general, existing approaches suffer from one or more of the following four shortcom-
ings: 1) are generic protocols that are application-agnostic and do not take into account
video quality, 2) do not capture the multi-agent nature of the problem, even though the
problem clearly involves more than one utility-maximizing decision-maker interacting with
each other, 3) do myopic adaptation only based on instantaneous rates, and 4) do not

explicitly or correctly address fairness.

In this chapter, we address all of the above shortcomings and target a quality-driven
fairness-aware end-to-end congestion avoidance and bandwidth sharing mechanism. We
propose a decision-theoretic model, called Decentralized Partially Observable Markov De-
cision Process (Dec-POMDP), to formulate the interaction of multiple concurrent video

streaming sessions over the Internet.

Aiming at maximizing the perceived quality of end-users while maintaining fairness
in network bandwidth allocation, we employ a QoE model and introduce a social welfare
function by combining the main objectives of efficiency and fairness. The solution of
the proposed multi-agent decision process provides an optimal policy for all network users
to adapt their streaming rates in the best interests of the entire network, leading to an
optimum fair distribution of QoE among users. We evaluate the performance of this rate

adaptation scheme through simulations, showing its advantages over the TFRC.

6.1 Problem Description

We consider the problem of network bandwidth sharing by several video streaming sessions
over the Internet, seeking a fair and efficient distribution of Quality of Experience (QoE)
from the media consumers’ perspective. All network users are supposed to share a common
altruistic goal to maximize some notion of social welfare. A dynamic rate adaptation

scheme is also assumed to be implemented by the media servers.

6.1.1 Network Model

Consider N concurrent video streaming sessions over the Internet, sharing the bandwidth
of the network. Each session is composed of a sender node (media streaming server) and
a receiver node (client) that establish an end-to-end transport layer connection, equipped
with TFRC protocol [12] to stream a multimedia content. We assume that the network
has a single bottleneck link that causes packet loss once congested. Since the sender-side
of each session cannot observe the traffic generated by other sessions, it is only able to

infer the congestion status based on the feedback information received from the network
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Figure 6.1: Schematic diagram of the problem showing N concurrent video streaming
sessions

or receiver-side. The major source of information about network congestion level is the

receiver’s estimate of packet loss rate, which is included in TFRC feedback packets.

As depicted in Figure 6.1, each session n chooses its transport-layer sending rate x,,
at sender-side and receives an estimate of the packet loss rate p, from the receiver-side.
The bottleneck link of the network, with a capacity of Cj, should handle the total sum
of sending rates plus a time-varying cross-traffic z.. As the total traffic on bottleneck
link comes close to its capacity, all sessions would experience higher rates of packet loss.
Therefore, a distributed rate control and congestion avoidance scheme, capable of dealing

with this dynamic and partially observable environment is required.

6.1.2 Utility Model: QoE

The utility of users is their ultimate Quality of Experience (QoE). Since QoE is a subjective
measure of quality which is not readily available in real-time, an automatic prediction
method is required to map the network’s Quality of Service to user’s QoE. We first [112]
adopted the G.1070 opinion model recommended by ITU-T [113] as the video quality model
for predicting the subjective quality measured in MOS (see Section 2.4). However, due to
limited scope of G.1070 to video sequences of up to VGA resolution, we later employed
G.1071 recommendation [I11] as our QoE model for video streaming. ITU-T G.1071
provides models which deliver estimates of the impact of typical IP network impairments
on the quality experienced by the end user in multimedia mobile streaming and Internet
protocol television (IPTV) applications over transport formats such as RTP over UDP,

which is the case for the streaming scenario that we study in this chapter. Moreover, this
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Recommendation addresses two application areas: lower resolution, including services such

as mobile TV, and higher resolution, including services such as IPTV.

There are several factors affecting the perceived quality of a video: codec type and
specifications, spatial resolution, key frame interval, delay, frame rate, bit rate and packet
loss rate. Among these, we assume that all are fixed (or have negligible impact on video
quality) during a streaming session except the last two: encoding bit rate (r) and packet
loss rate (p). Under such conditions, we first describe the QoE model of G.1070, and then

move on to the higher resolution model, recommended by G.1071.

According to G.1070 and under the above conditions, the utility (u) or QoE of the user

could be summarized as:
1 1 -
c —— e
@)

where ¢1, ¢o, and c3 are codec-dependent constants and d is the degree of robustness against

a3

u=1+ € [1,5] (6.1)

packet loss (p) and is itself a function of bit rate (r), frame rate and a number of codec-

dependent constants.

A visualization of the above QoE model and its variations with respect to bit rate and

packet loss is shown in Figure 6.2. It is clearly observed that a significant degradation of
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video quality occurs at packet loss rates above 0.05%, even with a pretty high source bit
rate. Therefore, a QoE-aware rate adaptation scheme at the sender-side should not only
try to maximize its bandwidth utilization, but also be able to pro-actively avoid congestion

leading to higher packet loss rates.

The higher resolution QoE model of G.1071, is much more complicated compared to
the above model. It covers video sizes of up to 1080p with coded video bitrates of up to 30
Mbps, using H.264 codec. The QoE model is also valid for packet loss rates of up to 2%.
A block diagram of the video module of this QoE model is depicted in Figure 6.3. The
actual inputs to the model are video bitrate and packet loss rate, as before. We fix the
codec and resolution inputs to H.264 and HD 720p, respectively, and use the corresponding
coefficient sets: a, b, ¢, and d.

The model’s output, MOSV, is a combination of coding quality, Q..qv, and trans-
mission quality, (.., which are mainly dependent on video bitrate and packet loss rate,
respectively. In using this QoE model, we assume that only uniform packet loss is present
and disregard burstiness. We also assume that a packet loss concealment scheme is used to
repair erroneous frames, hence LossMagnitude, not FreezingRatio would be the dominant

factor due to packet loss rate. Annex A of [114] contains all the details of this QoE model.

6.1.3 Rate Adaptation Mechanism

State-of-the-art adaptive video streaming [3] [1] embed the rate adaptation algorithm inside
the client application. This allows the client to independently choose the playback quality
without any need for intelligent components inside the network. However, both industry
[115] and academia [37] are showing interest in server-side or network-assisted adaptive

streaming. In this study, we are considering a server-based adaptive streaming.
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The adaptation mechanism is to be done jointly at both the application and the trans-
port layers. Video source rate control would be carried out by the application layer, while
a TFRC-like congestion control scheme is performed at the transport layer to take care of

the packet loss rate. In TFRC, the sending rate = reacts to variation of packet loss rate p

r=g(p) = % \/% (6:2)

where ¢ represents the packet size and RT'T is the round-trip time.

using the following formula:

Similar to TFRC, our server-based adaptation mechanism includes a rate switching
scheme at transport layer, which uses a mapping from observed packet loss rates to optimal
sending rates. But unlike TFRC, this adaptation is not tied to instantaneous values; rather

it takes into account the history of observations and tries to do a foresighted optimization.

At the application layer, the source rate r (the target rate of the live video encoder
or the source rate of pre-encoded videos) is adjusted according to the chosen sending rate

using the sending buffer level:

r:x+5(3—#) (6.3)

where B is the current buffer level, B, and B; are the upper and lower limits of the
buffer and ¢ is the adjustment rate. The buffer’s input and output rates are r and =,
respectively. Using this rate adjustment method, the source rate would closely follow the
sending rate, especially at steady state. Therefore, we might use them interchangeably in

some approximations later on.

6.1.4 Objective Function: Social Welfare

As elaborated in Chapter 5, we assume that all users of the network are programmed to
maximize a common objective function, which is the social welfare, defined by Equations

5.1 and 5.3, which captures both efficiency and fairness of bandwidth allocation.

6.2 Proposed Model: Dec-POMDP

Our proposed Dec-POMDP model is specified by the following components:

e Agents

The dynamic interaction is taking place among a finite number of video streaming
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sessions, regarded as agents or users, indexed by n € N = {1,2,...,N}. Each
streaming session comprises a sender and a receiver node in the network. However,
since we are considering a sender-based adaptive streaming, the agents of the model
are actually the sending entities of the video streaming process. The receiver nodes
help provide the observations to the senders by sending back TFRC-like feedback
packets. This multi-agent decision process runs over the course of a sequence of
discrete time steps indexed by & = 0,1,2,.... We assume a fixed Round-Trip Time
(RTT) for the network, and set the time step of Dec-POMDP to be equal to one
RTT.

Actions

We take the sending rate (x) of each video stream at the transport layer as the action
of the agent. Note that the source encoding rate (r) of the video streams are closely
tied to the chosen sending rate. We assume that in live video streaming, the target
encoding rate of the video stream is adjusted at the application layer, according to
the sending rate, using the sending buffer level. For the case of on-demand streaming,

the video is supposed to be pre-encoded at corresponding source rates as well.

Formally speaking, the action taken by user n at a given time step k is to choose the
appropriate sending rate a® = 2% € A,,, where A, is the set of discrete pre-defined

sending rates available for user n. The joint action of all users would be denoted by
ab = (af,... ak) e A=A x - x Ay.

States

The state of the proposed Dec-POMDP is set to be the unobservable congestion level
of the network. As mentioned before, we assume that there is a single bottleneck
link within the network that determines the congestion status of the network for the

video streaming scenario under study.

The congestion level, denoted by Cy, takes values in the interval of [0, 1] and is defined

as the ratio of total traffic on the bottleneck link to its capacity:

N
. (Tt 1T
Cy = mln{@, 1}, (6.4)
Ch
where (), is the capacity of the bottleneck link, x,’s are the sending rates of the
concurrent video streaming sessions, and z,. is the rate of the cross-traffic on the
bottleneck link.

Since the state space is a finite set in the formalism of MDP, we define the state of
our model at time step k, as s* = C’g € S, where S is a discretization of the interval

of [0, 1] into a finite number of possibilities.
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It is clear that the congestion level of the network is not directly observed by the
users. Therefore, we are dealing with a Partially Observable MDP (POMDP) from
the viewpoint of each user, where it has to infer the state of the decision process

using its limited observations.

Observations

As mentioned above, each user observes neither the traffic generated by other users,
nor the congestion level of the network, which is impacted by the overall traffic
transmitted over the bottleneck link. The only available piece of information about
the network condition is the TFRC-like feedback packets received per RTT. By
means of each feedback packet, the sender observes the receiver’s estimate of the
Packet Loss Rate (PLR), denoted by p, which is an indication of how congested the

bottleneck router of the network is.

We define the observation of user n at time step k as of = p* € O,,, where O, is a

discretized set of possible values for PLR estimates.

Transition Function

In order to specify the transition function: 7' : & x A — P(S), which provides a
probability distribution of the new state given the current state and the joint action of
the users, we need a probabilistic model for the cross-traffic over the bottleneck link.
If the joint action of the users at time step k is a = (z%, 2%, ... 2%, the probability

that the new state C¥ falls into the interval [, 3], denoted by:

k N k
T + anl x

Pla<Ct<pB)=Pla< t <), (6.5)

Cy

translates to the probability that the cross-traffic falls into a corresponding interval:

N N
P(a.cb—zxf;g x’jgﬁ-Cb—fol>:P(&§w’j§ﬂ~>. (6.6)
n=1 n=1

We use the results of [110] for modeling the Internet backbone traffic at the flow
level. According to their model, since the total cross-traffic is the result of a number
of flows with independent rates, the central limit theorem asserts that the distribution
of the cross-traffic tends to be Gaussian at high loads, which is typical of backbone
links. The mean and variance of the rate of the cross-traffic are also calculated in this
model in terms of the average size and duration of the contributing flows. Having
specified the probability distribution function of the cross-traffic, we can calculate

the transition probabilities for each joint action using Equation (6.6).
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The transition probabilities depend on not only the joint action of the users, but also
on the current state of the network. The auto-correlation function of the cross-traffic
stochastic process induces this dependency since it restrains abrupt changes in the

rate of the cross-traffic and accordingly the congestion level.

Observation Function

The observation function: O : § x A — P(O) determines the probability of each
joint observation o if a particular joint action a is taken that leads to a new state
s’. We assume that the probability of observing a certain rate of packet loss by each
user is solely dependent on the network’s state (congestion level) and independent
of the users’ actions (sending rates). This is justified by noting that the conges-
tion level itself is caused by and derived from total sending rate generated by users
plus cross-traffic rate. We also assume that the observation of each agent is statis-
tically independent of other’s observations. Therefore the probability of each joint

observation would be equal to the product of individual probabilities.

Reward Function

The common goal of all agents is to achieve and maintain an optimal allocation
of the network bandwidth leading to an efficient and fair distribution of end-users’
QoE. Using the social welfare function defined in Equation (5.3), we can specify the

common reward function of our Dec-POMDP model as:

h
R=E| Y +* & ] (6.7)
k=1
where v is the discount factor (set to one in this model) and u* = [u}, u5, ... uf]T is

the vector of utilities (i.e. QoE’s) achieved for all N users at time step k as defined
by Equation (6.1). Note that the QoE of the n'® user u* is in turn a function of its
source rate r® and experienced packet loss rate p¥. Since the video source rate r*
is adjusted to the sending rate z¥, and the packet loss rate p¥ is determined by the
network congestion level C’Z; , the common reward function of Equation (7.3) would

reduce to a function of joint action and state: R(a,s).

Horizon

The choice of time horizon in sequential decision problems is very critical. On one
hand, it has to be large enough in order to fulfill the objective of foresighted (as
opposed to myopic) optimization. On the other hand, it has to be chosen small
enough for the problem to remain computationally solvable. We chose h = 5 for our

model.
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e Initial State Distribution
We assume that network congestion is not at the extreme low or extreme high levels
at the beginning of the video streaming service, and is uniformly distributed over the

rest of the interval.

6.3 Optimal Solution of Dec-POMDP

6.3.1 Planning: JESP

The challenge of finding the optimal policies for a decision process, when the transition
probabilities are available, is called planning. A policy is a mapping from states (in fully
observable models) or beliefs (in partially observable models) to actions. The policy of a
user is comprised of a sequence of actions selected by the user at every time step based on

the state of the environment.

As mentioned in Chapter 2, solving a Dec-POMDP is a computationally expensive task.
In fact, it is known that the problem of finding the optimal solution for a finite-horizon
Dec-POMDP with even only two agents is NEXP-complete [56]. In practice, this means
that solving a Dec-POMDP takes doubly exponential time in the worst case.

There are several methods proposed in the literature for finding approximate solutions
of Dec-POMDP, from which we use Joint Equilibrium based Search for Policies (JESP) [60],
which is guaranteed to find a locally optimal joint policy. It relies on a procedure called
alternating maximization, that computes a maximizing policy for one agent at a time,
while keeping the policies of the other agents fixed. This process is repeated until the joint
policy converges to a Nash equilibrium: a tuple of policies such that for each agent’s policy
is a best response to the policies employed by the other agents. JESP uses a dynamic
programming approach to compute the best-response policy for a selected agent, using a

reformulation of the problem as an augmented POMDP by fixing the other agent’s policies.

6.3.2 Learning: MARL

A Reinforcement Learning (RL) agent learns by trial-and-error interaction with its dynamic
environment [18].  Well-understood algorithms with good convergence and consistency
properties are available for solving the single-agent RL tasks, both when the agent knows

the dynamics of the environment and the reward function, and when it does not.

There had been an extensive research effort during past decade to extend reinforcement

learning theory and techniques to multi-agents situations often encountered in real-world
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Algorithm 1 Multi-Agent Reinforcement Learning Algorithm for Adaptive Streaming
using a Dec-POMDP Framework

1: Initialize Q-table for all possible observations and actions;

2: Choose a random action (sending rate): for a), = z.;

3 k<« 1;

4: loop

Get new observation of packet loss rate: of = pF;

)
6:  Get video source rate: r:

7. Calculate the utility/QoE: u? = V,(r¥ pk);
8 Calculate the estimated reward: R = ZZZ& ylukt;
9:  Pick a random number ¢ uniformly from [0, 1];

10: if ( >1— e then

11: 2% = af = argmax Q(p,,, a,);
Qn
12:  else
13: Choose a random sending rate as action 2* = a¥;
14:  end if

5 QU ak) ¢ (1) QUL o)+ [R+ 7 QU5 k)
16: k<« k+1;
17: end loop

applications. Many variations of Q-learning algorithm have been proposed for zero-sum
and nonzero-sum non-cooperative games and also cooperative games with different levels of
theoretical convergence guarantees and practical capabilities. For a comprehensive survey

on this vast literature see [117].

However, in many practical cases, single-agent reinforcement learning methods are ap-
plied without much modification [ 18]. Such an approach treats other agents as a part of the
environment. Following this track, we propose a multi-agent reinforcement learning scheme
based on the single-agent temporal difference (TD) learning algorithm of SARSA [18]. The
key idea is to see if the agents can learn the optimal policies for the Dec-POMDP model,
only based on their locally available information. For this purpose, the MARL algorithm
tries to learn the action-value function Q™ (s, a), which gives the expected reward of taking

an action a at state s and then following the policy 7.

As listed, the proposed MARL algorithm uses a simple SARSA learning rule based on
the observations of packet loss rate and decides which sending rate to pick based on the
learned action-value function. The proposed algorithm is computationally less complex
than any dynamic programming based planning solutions, either exact or approximate.
Based on the following proposition, we expect that this learning process would finally

converge to the optimal solutions, obtained by planning the Dec-POMDP.
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Proposition The proposed distributed reinforcement learning algorithm converges to
the optimal value function of the DEC-POMDP problem if 7, = %

Proof This result follows directly from the Theorem 1 of [119]. Tt is known that in se-
quential decision problems with finite action and state spaces, SARSA algorithm converges
to the optimal policy and optimal value function if the reward function is bounded and the
learning rate n* meets the following two condition: Y77 mp = 00, > pe(mk)? < oo. Since
Nk = % satisfies both of these conditions, we conclude that the Algorithm 1 converges to

the optimal action-value function.

6.4 Implementation and Performance Evaluation

In order to find the optimal policy for our proposed Dec-POMDP model, we used Multi-
Agent Decision Process (MADP) Toolbox [120], which provides software tools for modeling,
specifying, planning and learning a variety of decision-theoretic problems in multi-agent
systems. This toolbox includes a parser for reading text descriptions in Tony Cassandra’s
POMDP file format (.pomdp) [121] and its Dec-POMDP extension (.dpomdp).

The description of our Dec-POMDP model for two agents is shown in Listing 6.1.
The state space (interval of [0, 1] for congestion level) is discretized into five bands from
very low to very high, namely CgLL, CgL, CgM, CgH, CgHH. Initial distribution of the state
is assumed to be uniform over all states excluding the extreme cases: CgLL, CgHH. Both
agents, assumed to be homogeneous in terms of their actions and observations, have three
choices for their actions at each time step: sending video packets at 1, 2, or 3 Mbps rates,
denoted by R1M, R2M, R3M, respectively.

The observation space (PLR estimates) is also discretized into five levels in logarithmic
scale: pLL ~ 1075, pL ~ 107, pM ~ 1072, pH ~ 1072, and pHH ~ 101

For each pair of joint action a, a |S| x |S| matrix specifies the transition probabilities
from start sate s to end state s’. The probability values are calculated as described in
Section 7.2. For the sake of brevity, not all matrices are shown in Listing 1; only the first
and the last cases. As mentioned before, the probability of each observation only depends
on the network state and is independent of the actions taken by the users and observations
of other agents. Based on this assumption, the probability of occurrence of all possible

joint observations are calculated and specified in the description of the model.
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# Dec-POMDP Model for Adaptive Video Streaming

agents: 2
#Discount factor

discount: 1.0
#Type of Values

values: reward
#States (Congestion Level)

states: CgLL CgL CgM CgH CgHH
#Initial state distribution

start exclude: CgLL CgHH
#Actions (Sending Rate kbps)

actions:
R1M R2M R3M
R1M R2M R3M

#0bservations (Packet Loss Rate)

observations:

pLL pL pM pH pHH

pLL pL pM pH pHH
#Transition Probabilities

# ________________________
# T: <al a2> : matrix of %f for all <s> & <s’>
# CgLL CgL CgM CgH CgHH
T: RIM R1M :
0.3845 0.5515 0.0635 0.0005 0.0000
0.0671 0.8661 0.0665 0.0003 0.0000
0.0642 0.5527 0.3820 0.0011 0.0000
0.1363 0.5864 0.2703 0.0070 0.0000
0.1584 0.6818 0.1571 0.0027 0.0000
T: R3M R3M :
0.0000 0.0027 0.1571 0.6818 0.1584
0.0000 0.0070 0.2702 0.5865 0.1363
0.0000 0.0011 0.3820 0.5627 0.0642
0.0000 0.0003 0.0665 0.8661 0.0671
0.0000 0.0005 0.0635 0.5515 0.3845
#0bservation Probabilities
# _________________________
# 0: <al a2> : <s’> : <ol 02> : Uf
0: * x : CgLL : pLL pLL : 0.8191
0: * x : CgLL : pLL pL : 0.0814
0: * x : CgLL : pLL pM : 0.0045
0: * *x : CgLL : pLL pH : 0.0000
0: *x x : CgLL : pLL pHH : 0.0000
0: * x : CgHH : pHH pHH : 0.8191
#Rewards
# _______
R: <al a2> : <s> : <s8’> : <ol 02> : %f

#

R: RIM RIM : CgLL : * : *x : 1.8855
R: RIM RIM : CgL : * : *x : 1.8831

R: RIM RIM : CgM : * : *x : 1.8591

R: RIM RIM : CgH : * : x : 1.6343

R: RIM RIM : CgHH : * : x : 0.7411
R

R: R3M R3M : CgHH : * : * : 0.6932

Listing 6.1: Description of Dec-POMDP Model in a Text Format
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The reward model, as described in Section 6.2, only depends on the joint action and
state: R(a,s). The calculated reward values for all combinations of actions and states con-
stitute the last part of our model description. Note that only a few lines of the observation

probabilities and rewards specification are included in Listing 1 due to limited space.

We used the JESP algorithm implemented in MADP Toolbox to solve our Dec-POMDP
model. The result of JESP planning is a deterministic policy which maps every possible
sequence of observations (PLR) with different lengths to an optimal action (sending rate).
This policy is guaranteed to yield a local maximum of expected common reward, which
provides both efficiency and fairness according to Equation (5.3). Using a simple look-up
table, the resulting optimal policy could be hard-coded into the transport layer protocol

of the media streaming servers to replace/augment TFRC.

In order to evaluate our proposed rate adaption scheme, we compare its performance
with that of TFRC in terms of total utility of the users as well as the fairness index of the
distribution of QoE. Since there are stochastic components in our problem formulation and
proposed model, we conducted 50 rounds of simulations and calculated the mean values
to cross out the random effects. Figure 6.4 illustrates one sample of these simulations for
each of the methods. We can see that the sending rates chosen by TFRC tend to oscillate
between minimum and maximum values due to the reactive nature of this mechanism,
whereas the foresighted optimization of Dec-POMDP model provides less switching in

sending rate, lower congestion levels and higher common reward at the same time.

Table 6.1 shows the average results of 50 runs of simulations for three main metrics:
total utility of users, fairness of users’ QoE, and the social welfare function (Equation
(5.3)). Simulation results confirm that the optimal solution of our proposed Dec-POMDP
model outperforms TFRC congestion control mechanism both in terms of efficiency and

fairness.

Table 6.1: Comparison of the proposed solution with TFRC based on the average results
of 50 runs of simulations

Metric Dec-POMDP TFRC Improvement
Total QoE 7.452 5.975 24.7%
Fairness Index 0.881 0.780 12.9%
Social Welfare 1.946 1.663 17.0%
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Figure 6.4: Samples of optimal Dec-POMDP solution and TFRC sending rates and the
resulting network congestion and social welfare

6.5 Summary

The problem of network bandwidth sharing among multiple video streaming sessions was
considered from a decision-theoretic and computational intelligence point of view. A Dec-
POMDP model was proposed to capture the multi-agent aspects of the dynamic interaction
between network users. A common objective function, called social welfare, which incorpo-
rates maximization of total utility while achieving a fair distribution of QoE, was designed
to be collectively optimized by different users. The solution of this sequential decision-
making process provides an optimal policy for each agent to adapt its sending rate based
on the sequence of packet loss rate observations. The optimal solution of Dec-POMDP
induces an implicit cooperation among network users, resulting in a much higher total

QoE for users as well as improved fairness, in contrast to the popular TFRC.

We also showed that the proposed MARL algorithm would ultimately converge to the
optimal policies. This is a promising result for the prospect of fully autonomous and
online-learning network entities, capable of adapting their behavior to the dynamic and
rapid changes of network conditions.

63



Chapter 7

SUM with Full Observability of
Congestion: MMDP

The partial observability assumption made in previous chapter results in a multi-agent
decision process that is computationally expensive to solve. In this chapter, we try to
overcome this complexity issue by proposing an alternative model based on SDN, which
provides full observability of the network congestion level. Specifically, we consider the
problem of network bandwidth allocation, shared by several adaptive bitrate video stream-

ing sessions over next-generation SDN-enabled wireless networks.

The distributed nature of conventional rate allocation methods lacks a substantial co-
ordination in resource optimization and hence results in some inefficiencies and unfairness.
Therefore, we utilize SDN’s ability to provide a centralized global view of the network’s
current state, including its congestion level, which we share with all mobile users of the
network by the SDN controllers and through the base stations. This transforms the client-
side rate adaptation problem into a network-assisted one and gives us a fully-observable
multi-agent decision process, which we take advantage of to design a multi-objective opti-
mization model for network resources, seeking the distribution of QoE among all users in

a fair and efficient manner.

Our proposed framework for mathematical modeling of the problem of fair and efficient
allocation of network bandwidth among concurrent video streaming sessions is developed
based on four key components from Chapter 5: 1) QoE as the utility function of users,
2) A social notion of optimality by integrating both efficiency and fairness, 3) Foresighted
optimization under uncertainty of the environment, and 4) Common interest game between
multiple agents of the system. We first present the QoE model used for HAS, which

captures three important factors: the average video quality, stability of video quality, and
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stalls or freezes of video playback. Subsequently, a social welfare function is developed to
capture both fairness and efficiency objectives at the same time, as explained in Chapter 5.
We then propose a Multi-agent Markov Decision Process (MMDP) for finding the optimal
network bandwidth allocation that leads to the maximization of the said social welfare
function, resulting in a fair and efficient distribution of QoE from the video consumers’
perspective. The foresighted optimization of MMDP framework attempts to avoid video

stalling/re-buffering and also minimize video quality switches, in order to improve QoE.

We first provide a brief description of the system under study, and then the details of
the proposed MMDP model would be presented.

7.1 System Description

Consider an SDN-enabled wireless access network such as LTE [73]. Following the recent
trend of virtualizing the mobility core [122], we assume that the core network that connects
the radio segment of the cellular network to the backbone IP network is equipped with
SDN and NFV technologies. In such settings, channels of communication are available to
SDN controllers for exchanging information, such as the global view of the network and the
state of their own WAN, with mobile users through packet data network gateway (P-GW)
and base station (eNodeB). This offers significant opportunities for enhancing the quality

of mobile video delivery.

We also assume that n mobile users are using an HT'TP-based adaptive video streaming
service over this SDN-enabled wireless network. A client-side rate adaptation is taking
place at the DASH players of these users, fetching video segments from some video delivery
servers connected to packet data network. We further assume that all users are sharing a
bottleneck link somewhere in the core network, the congestion level of which is observed
by the SDN controllers and this piece of information is communicated with a centralized
resource optimized, which resides in the “LLTE SDN Application” box next to the PCRF in
Figure 7.1, which is a modified version of the intelligent content delivery network proposed

in [74], illustrating a schematic of our network settings.

The mobile DASH clients (agents) can share their states with the PCRF through ex-
isting 3GPP standard mechanisms. According to the Policy and Charging Control (PCC)
architecture for Evolved Packet Core (LTE-Advanced Release 10), each Internet media
service provider is given a separate Access Point Name (APN), and each APN is asso-
ciated with an Application Function (AF). As defined in the 3GPP standardized PCC
architecture [123], AF is in charge of interacting with applications running at UEs, e.g.

HTTP-based Adaptive Streaming (HAS) applications in our case. HAS clients running at
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Figure 7.1: A schematic of SDN-enabled wireless network with a number of mobile DASH
clients fetching video segments from video delivery servers (Nam2015)

the UEs are also informed to use the corresponding AF as a server to report their QoE
feedbacks including average video bitrate, temporal quality changes and re-buffering time.
Based on the above description, the received information is then passed to the PCRF which

communicates with the resource optimizer residing at “LTE SDN Application”.

7.1.1 SDN and Network Congestion Observability

The tremendous growth in cellular data traffic in recent years is mostly attributed to the
surge of mobile video traffic which is in turn caused by huge popularity of mobile hand-held
devices like smartphones and tablets and the convenience of generating and consuming of
video using mobile devices. This ever-increasing demand has introduced several challenges
in delivering video to mobile users with a good QoE. The quality of users’ experience for
mobile video is of critical concern today, since the increase in network resources has not

kept pace with the surge in mobile video traffic demand [122].

Emerging technologies such as Network Functions Virtualization (NFV) and Software-
Defined Networking (SDN) [71] are being considered to address the future needs and chal-
lenges of mobile networks [124], [125]. This trend of virtualizing the mobility core, in which
the core network that connects the radio segment of the cellular network to the backbone
IP network is getting equipped with SDN and NFV technologies, offers significant opportu-
nities for enhancing the quality of mobile video delivery. A number of recent studies have

shown the importance of cooperation between mobile devices and network infrastructure
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to improve the performance of video streaming in cellular networks [120], [127]. Since a
global view of the entire network is available to the control plane of SDN, and also highly
customized solutions for different scenarios could be easily deployed using NFV, the current
trend of network softwarization can facilitate the development of collaborative solutions.
For instance, [127] proposes a collaboration framework for mobile devices and a cellular
network to exchange both device level information (e.g. delay tolerance at the given time
instant) and cell-level information (e.g., the total traffic demand in the cell at a given time

instant) in order to make proper decisions about delaying video streaming traffic.

During last few years, many researchers and practitioners in cellular network industry
have argued that carrier networks can benefit from advances in SDN specially in terms
of network management. For instance, a Software-Defined Mobile Networks (SDMN) ar-
chitecture was introduced in [73] with programmability, flexibility, and openness features
backed by experimental testing. In a more recent work, [71] addresses the challenges of
implementing intelligent content delivery on SDN-enabled wireless access systems such as
LTE and Wi-Fi. They leverage the SDN concept to dynamically control network traffic
over WANs from edge nodes of wireless networks. A schematic of their proposed solution
is depicted in 7.1. In such framework, channel of communication are available to SDN
controllers for exchanging information (such as the global view and network state of their
own WAN) with mobile users through P-GW and eNodeB.

Base on the above discussion, one argue that in next-generation SDN-enabled cellular
networks, the state of the core network, including its frequently updated congestion level,
could be shared with all mobile users of the network by the SDN controllers and through the
base stations. This results in a fully-observable multi-agent decision process for distributed
rate allocation. Observability of the network state could lead to a less complex decision
problem from the viewpoint of each mobile user compared to the previously-studied case
of partially-observable MDP.

7.1.2 QoE Model

Designing good QoE models for video streaming is an active area of research [18]. While
a higher video quality is expected to improve QoE, existing literature on QoE of video
streaming provides evidence that frequent switches or sudden changes in video quality or
bitrate result in user’s dissatisfaction and reduces QoE [19]. To this end, [50] introduced
the notion of penalty for temporal variability of quality in modeling QoE. However, video
freeze or stalling, which happens due to rebuffering of video player, is the most harmful

factor in QoE degradation [71]: a single rebuffering event has three times the impact of
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a bitrate change. Another reported finding of [71] is that rebuffering incur abandonment

rates six times higher than start-up latency.

One of the well-accepted QoE models for adaptive streaming provides a prediction or
estimation of MOS through a linear combination of the average quality of video segments

over a streaming session, the variation of video qualities and the effect of rebuffering:
QoE = MOS.o = a.jt — 3.0 — 7.0 + 6 (7.1)

where p is the average quality of video segments, ¢ is the standard deviation of video
qualities, ¢ is a measure of rebuffering or freezes, and «, 3, v, and § are tunable parameters
[52]. Here, we formulate our QoE model, based on the control-theoretic model developed

in [109].

Consider a video sequence, broken into K segments or chunks of equal duration and
encoded at different bitrates. Let R be the set of all available bitrate levels. At each time
step k, the video player chooses to download the k' segment at bitrate r, € R, which has
a size of dy(ry). Moreover, we assume that a nondecreasing function ¢(-) : R — R™ maps
the bitrate ry to video quality perceived by user: ¢(ry). We also denote the buffer level of
the player with By, € [0, Byaz), where By, is the buffer size.

Following Equation (7.1), we define the utility u of each user as his QoE for the stream-

ing session of the above video sequence by:

u=or =03 M 53 gt gl -0 3 (L - m) 4 @2
k=1 k=1 k=1

where the summations represent average video quality, video quality variation, and total

rebuffering time, respectively, and «, 3, v, and § are non-negative weighting parameters.

7.2 Proposed Model: MMDP

We consider a client-side rate adaption problem in an SDN-enabled wireless cellular net-
work. As mentioned above, a global view of the entire network is available at the control
plane of the SDN, and thus the network state including its congestion level could be com-
municated to all mobile users’ devices by the base station. Hence, the distributed rate
adaptation problem could be modeled by a fully observable cooperative multi-agent sys-
tem. We will use MMDP framework to model the dynamic interactions among mobile

users in this case.
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Our proposed MMDP model (N, S, A, T, R, h), is specified by the following compo-

nents:

e Agents
The dynamic interaction is taking place among a finite number of video streaming
sessions with client-side rate adaptation (like DASH), which are referred to as agents
or users and are indexed by n e N'={1,2,...,N}.

Discrete time steps are indexed by k£ = 0,1, 2, .... Each time step is equal to duration

of the video segments.

e States

The state of the proposed MMDP is a vector comprised of two elements: the buffer
level of the player By and the congestion level of the network G. Since the buffer
level is locally maintained by each user, and the information about congestion level
is shared by the SDN controllers with the users, this state is fully observable by all
the agent, individually. Hence, the observable state of our model at time step k, is
Sp = [Bk,Gk}T, where By, € [0, Byaz), and Gy € G, and G is a discretization of the
interval of [0, 1] into a finite number of possibilities, e.g., {LL, L, M, H, HH }.

e Actions

In a client-side rate adaptation, agents choose the desired bitrate of the video chunks
from a finite set of options put forward by the manifest file, and communicate it to
the delivery server. We take this rate selection as the action of the agent. Formally
speaking, the action taken by user n at a given time step k is it choice of rate
ap =ry € A,, where A, is the set of discrete representations (bitrate levels) of the
encoded video segment, available for user n. The joint action of all users would be
denoted by a, = (ag,...,ap) € A=Ay x -+ X Ay.

e Transition Function
In order to specify the transition function: 7 : & x A — P(S), which provides
a probability distribution of the new state given the current state and the joint
action of the users, we use a probabilistic model for the available bandwidth at the
bottleneck link. If the joint action of the users at time step k is a = (ry,r2,...,r),
the probability that the new congestion level G* falls into the interval [, 5], denoted
by:

max(C, 27]:7:1 k)

Zost ) <)
is a straightforward function of the sum of the elements of joint action vector.

Pa<Gp<b)=Pla<
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e Reward Function
We assume that the common goal of all agents is to achieve and maintain an optimal
allocation of the network bandwidth leading to an efficient and fair distribution of
end-users’ QoE. Using the social welfare function defined in Equation (5.3), we can
specify the common reward function R : S x A — R of our MMDP model as:

h
R=E| Y +* @) ] (7.3)

k=1
where ~ is the discount factor for future utilities and
uy, = [up,uZ, ..., ul]T is the vector of utilities (i.e., QoE’s) achieved for all N users

at time step k as defined by Equation (7.2).

e Horizon
Since MMDP has a feasible computational complexity compared to other multi-agent
decision processes such as Dec-POMDP (see [112] for a partially observable model
for multiuser video streaming), we are not confined by the computational tractability
limit of the problem in choosing the horizon. We choose h = 10 for our MMDP model,

to get a decent foresight capability over an extended horizon.

The MMDP model described above captures all four key components of our modeling
approach and provides a QoE-driven, fairness-aware, foresighted optimization framework in
a multi-agent setting for adaptive video streaming problem. To the best of our knowledge,
no prior work has ezplicitly handled the desired goal of QoE-fairness. One novel aspect
of our proposed method is that it directly incorporates QoE-fairness into the objective
function of the multi-agent optimization problem. Using an MDP-based foresighted opti-
mization, we also introduce an anticipatory and proactive behavior to the bitrate selection

process which outperforms reactive and shortsighted adaptation schemes.

It is worth mentioning that finding a solution for MMDP is as computationally complex
as solving a single agent MDP; they are both P-Complete [58]. This is much more tractable
compared to Dec-POMDP, whose worst-case computational complexity is NEXP-complete,
even with finite horizon. Taking the joint action space of an MMDP to be the set of basic
actions, it could be viewed as a standard single-agent MDP [09]. Specifically, since there is
a single reward function, the agents do not have competing interests; so any course of action
is equally good for all. Therefore, the optimal joint policies over joint action space could

be computed by solving the standard MDP using an algorithm like value iteration [15].
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7.3 Performance Evaluation

7.3.1 Simulation Framework

We now evaluate and compare performance of MMDP rate adaptation with two state-of-
the-art algorithms, PANDA [128] and FESTIVE [129], according to their default design
parameters. FESTIVE has been the first adaptive video streaming algorithm specifically
designed to address fairness among multiple DASH clients. PANDA also dynamically
computes the segment inter-request time to address fairness issues, and video bitrate os-

cillations.

We use a MATLAB-based simulation framework which models the behavior of the
above three rate adaptation methods, including their rate selection logic, video download
process and buffer dynamics. At each time step t;, the simulation calls the bitrate control
and selection module of the algorithms to get the requested bitrate level r. It should be
noted that all state updates from network and client players take place at the beginning

of each time step.

In order to simulate the available bandwidth, we employ the 3G/HSDPA throughput
traces [130]. This dataset contains logs from HTTP over TCP streaming sessions in a
mobile wireless network in Norway. In each test, adaptive video streams were downloaded
at maximum speed, with the video segment duration fixed to 2 seconds, which is the
segment size for our simulation setup. Figure 7.2 shows the mean and variance of the
available bandwidth used in our simulations. The average available bandwidth in this
dataset is about 1.5Mbps. In each simulation scenario, we multiply the values from a
randomly picked ensemble of this available bandwidth dataset by the number of the users
sharing the bottleneck to determine the bandwidth of the bottleneck link.

We assume that the length of video sequences are 10 minutes, consisting of 300 seg-
ments, each having 2sec duration and pre-encoded in the following bitrate levels:
R = {300Kbps, 700K bps, 1000 K bps, 2000 K bps, 3000 K bps}. The playout buffer size is set

to Bie:x = 20s and the buffer level takes discrete integer values from 0 to B4z

For solving our proposed MMDP model and finding the optimal policies for the agents,
we used Multi-Agent Decision Process (MADP) Toolbox [131], which provides software
tools for modeling, specifying, planning and learning a variety of decision-theoretic prob-

lems in multi-agent systems.
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Figure 7.2: Measured traces of available bandwidth in a 3G/HSDPA mobile wireless
network (Riiser2013)

7.3.2 Evaluation Metrics

We use two sets of evaluation metrics: rate-based and QoFE-based. For the first set, we use
the same metrics defined in [129] and inherited by [128] with a slight modification They are
i) inefficiency, ii) unfairness, and iii) instability, defined based on the video bitrate fetched
by competing players. If the bitrate requested by player n at time step £ is denoted by 77,

then the rate-based metrics are defined as following;:

e Inefficiency Index: Let C be the available bandwidth on the bottleneck link. [129]
defined inefficiency index at time step k as:

2k = C

C

Since the sum of requested bitrates ) |} could sometimes be greater than C', [128]

revised this index to:
max (0,C — > r})

C

to avoid unnecessary penalty. We use the latter definition.

e Unfairness Index: Let r; denote the vector of requested rates r} of all players at

time step k. If J(rg) is the Jain’s fairness index (see Equation (5.2)) over all rates,
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the unfairness index at time step k is defined as:

1— J(I'k)

e Instability Index: To measure the variation of requested bitrates, the instability

index at time step k for each player n is defined as:

Zfz(:_ol ‘Tg—d - Tg—d—l} w(d)

Zf:_ol i _qw(d)

where w(d) = K — d is a weight function that puts more weight on more recent rate

Y

switchings, with a backward horizon of K = 10 time steps. Note that unlike the
other two metrics, we have a separate instability index for each of the competing

players. We will report the average over all agents.

In addition to the above rate-based metrics, we also evaluate the performance of the
proposed rate adaptation scheme based on the QoE model presented in Section 7.1.2. We

use the following three QoE-based metrics:

e Average QoE: Using Equation (7.2), we calculate the average QoE of all players,
which is a measure of satisfaction level of users. Note that since our QoE model
include terms related to average video quality as well as stability and smoothness of

it, this metric is actually representing both efficiency and stability.

e Fairness of QoE: We are also interested in a fair distribution of QoE across all
users. Let u denote the vector of utilities or QoE’s achieved by all players. We use

the Jain’s index J(u) as a measure of fairness of QoE.

e Social Welfare: Finally, we combine the efficiency, stability and fairness measures
into one single social welfare metric, as defined in Equation (5.3) to evaluate the

overall performance of the rate adaptation methods.

7.3.3 Simulation Results: Benchmarking

In the first scenario we investigate the behavior of our proposed MMDP rate adaptation
scheme compared to two other methods, PANDA [128] and FESTIVE [129] when two
DASH clients, using the same rate control algorithm, are sharing a bottleneck link with a

varying available bandwidth as described before.
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Figure 7.3: Sample behavior of different rate adaptation schemes when two DASH clients
are sharing a bottleneck link

Figure 7.3 shows the dynamic behavior of all three rate adaptation algorithms in terms
of the requested quality levels and received bitrates in one sample run. Our proposed
MMDP method generally uses smaller jumps in choosing quality levels, compared to
PANDA, and has fewer number of switches compared to FESTIVE. This is expected, as
we have included penalties for quality switches in our QoE model, serving as the objective
function of the optimization problem.

We carried out 20 runs of our simulation and calculated the average of bitrates chosen
by each algorithm over the course of a video streaming session. Rate-based metrics are
depicted in Figure 7.4, with lower values indicating better performance. We observe that
all three methods perform more or less equally well in terms of rate-efficiency and rate-
fairness, while MMDP outperform the other two in terms of rate-stability, as mentioned
above.

Figure 7.5 shows the QoE-based metrics for the same scenario, with higher values
indicating better performance. We observe significant improvements in all these metrics,
compared to existing methods. Specificallyy, MMDP achieves an average QoE which is
12% and 18% higher than that of FESTIVE and PANDA, respectively. There is also an
improvement in terms QoE-fairness, since Jain’s index over the QoE of competing players
goes beyond 0.8, with up to 24% increase compared to other methods. These improvements

are also reflected in a higher value for social welfare metric with up to 25% gain.
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7.3.4 Simulation Results: Robustness

In this scenario we investigate the robustness of our MMDP rate adaptation algorithm

when 1) the number of active agents sharing a bottleneck link varies, or ii) the standard

deviation of the available bandwidth changes.

For the case of varying number of agents, to simulate the variable available bandwidth

on the bottleneck link, we use the same real traces as before but multiply the values from a
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randomly picked ensemble of the aforementioned dataset [130] by 10 and vary the number
of concurrent users from 2 to 10. We run 20 runs of simulation, and in each run, all users

arrive within the first 30 seconds of the simulation duration, which is 10 minutes.

Using the average of bitrates chosen by MMDP agents over all simulation runs, we
calculate the QoE-based metrics, including the average and fairness of QoE. These metrics
are plotted against the varying number of users in Figure 7.6. We observe that the proposed
MMDP rate adaptation method has a robust performance against variation of number of
users and is able to maintain satisfactory levels of efficiency and fairness at the same time.
Note that social welfare metric depends on the total QoE of all users and hence, is generally
increasing with the number of users, assuming the same average QoE for all cases. We also
would like to mention that the fairly notable drop in fairness measure when the number of
agents goes beyond 6, could be attributed to discreteness of video bitrate levels in HAS.
In these cases, the bandwidth share available to each user falls somewhere between the

bitrate levels, resulting in inevitable disparity between chosen bitrates of different users,
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and hence a higher unfairness.

The second robustness experiment involves changing the variability of the available
bandwidth, which is a common characteristic of wireless networks. In this case, we use
synthetic traces for available bandwidth by generating uniform distributions with a fixed
mean of 2 x 1.5Mbps = 3Mbps (for two agents sharing the bottleneck), and different values
for standard deviation in the interval of [0.2,1.4]Mbps. Again we run the simulation for
20 rounds for each distribution, and calculate the QoE-based metrics based on te average

results over all runs.

Figure 7.7 shows the performance of the proposed MMDP method for different variabil-
ity degrees of network available bandwidth. We observe that the rate allocation algorithm
of MMDP is maintaining a satisfactory average QoE (> 3.7), fairness measure (> 0.7), and
consistent values for social welfare across the entire range of standard deviations of avail-
able bandwidth. Given the extremely instable and volatile conditions of wireless networks,

this form of robustness is a highly desired characteristic of any rate adaptation scheme.

7.4 Summary

Despite rapid growth of OTT services and video traffic, media delivery over the Internet
is still facing many issues regarding fairness and stability of QoE in resource sharing sit-
uations. Some of these deficiencies regarding instability, unfairness, and even inefficiency
stem from the distributed nature of existing resource allocation methods. As one of the
most promising emerging network technologies, SDN allows for centralized and coordinated

optimization to improve the QoE of video consumption.

In this chapter, we proposed a network-assisted SDN-based rate adaptation scheme by
employing multi-agent decision process models to provide a coordinated solution to this
inherently multi-agent problem. A multi-objective optimization problem with multiple
decision-makers was developed, formulated and solved, seeking a fair and efficient distri-
bution of QoE for all users. Performance evaluation of the proposed method shows its

superiority compared to the top representatives of existing rate adaptation algorithms.
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Chapter 8
Conclusion

We studies the problem of network bandwidth allocation among concurrent video streaming
users and proposed new methods to provide some form of fairness across the users’ QoE.
In this concluding chapter, we summarize the contribution and achieved results and show

possible directions for fututre research in this area.

8.1 Summary of Results

e Following the well-established practice of expressing the rate control problem in terms
of NUM framework, we formulated the problem of bandwidth allocation for video
flows in the context of NUM, using sigmoidal utility functions, rather than conven-
tional but unrealistic concave functions. We used approximation algorithm for Sig-
moidal Programming to solve the resulting nonconvex optimization problem, called
NUM-SP. Simulation results for video streaming over a range of tree-shaped con-
tent delivery networks showed improvements of at least 60% in average utility/QoE
and 45% in fairness, while using slightly less network resources, compared to two

representative methods: Proportional Fair and Max-Min Fair.

e Based on a collaborative decision-theoretic approach to the problem of rate adap-
tation of multiple video streaming sessions, a social welfare function was developed
to capture both fairness and efficiency objectives at the same time. Then, assuming
a common altruistic goal for all network users, we proposed the novel framework of
Social Utility Maximization (SUM), as opposed to the well-known Network Utility
Maximization (NUM), by explicitly incorporating fairness into the objective function

of the optimization problem.
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e We proposed a Decentralized Partially Observable Markov Decision Process (Dec-
POMDP) model for the conventional IP networks and a Multi-agent Markov Decision
Process (MMDP) model for the SDN-enabled wireless networks. By planning these
cooperative decision process models, we determined the optimal network bandwidth

allocation that leads to social welfare maximization.

e To reduce the computational complexity of planning decision processes and to al-
leviate the need for a complete stochastic model of the dynamic transitions of the
environment, we developed a distributed multi-agent reinforcement learning algo-

rithm as a low-complexity model-free solution to the posed optimization problems.

e Simulations of the proposed methods showed that the resulting optimal policies of
the proposed decision processes outperform existing approaches in terms of both
efficiency (total utility/QoE) and fairness. The Dec-POMDP model applied to a
server-side rate adaptation resulted in 25% improvement in network bandwidth ef-
ficiency and 13% improvement in fairness index, compared to TFRC as a popular
protocol of congestion control for multimedia streaming. Our performance evalua-
tions also showed that the MMDP model applied to a client-side rate adaptation like
DASH improves efficiency, fairness, and social welfare by as much as 18%, 24%, and
25%, respectively compared to two other representative existing methods, PANDA
and FESTIVE.

8.2 Suggestions for Future Work

For future research in the area of NUM-SP, a number of extensions can be further studied.
One is to enhance our method to dynamically handle churn: newly arriving and leaving
flows. Another is to examine the feasibility of a parallel processing implementation of our
algorithm for real-time performance. Finally, investigating the impact of having different
sigmoidal utility functions of different users, rather than having the same function for all,
will also make our algorithm more practical. This can be done in at least two ways. The
simplest way is to increase or decrease the bitrate inflection point in the sigmoid function
for different users. The other way is to use a function different than the logistic function to
represent the sigmoid function. For example, a piecewise linear function approximating a

sigmoid would more closely resemble the YouTube QoE utility function discovered in [96].

We would like to mention that although one could also think of using a staircase function
consisting of multiple sigmoid functions connected one after the other, and each represent-

ing a different video quality (e.g., 720p, 1080p, 4K, etc.), this scheme is not appropriate
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because it does not match the real-world observations reported in the literature, which
have found that even with multi-quality video, such as those used in YouTube, the video’s

utility function is still a single sigmoid [96].

The SUM framework offers lots of opportunities for further research. We used Jain’s
index as our measure of fairness to construct the social welfare function. Investigating
other possibilities by incorporating different fairness measures into the objective function
could be an interesting research avenue. Specifically, finding a good measure of fairness
such that the resulting SUM becomes a convex optimization problem, would open many

doors for inexpensively solving the SUM problem.

Even if the resulting SUM is nonconvex, there could exist ways to use decomposition
methods and convert this macro-problem into a number of smaller subproblems to reduce

its computational complexity.

The simulation setup for evaluation of our proposed decision processes could also be
improved to a more realistic asynchronous setting, where actions (rate selection) of different
agents are not forced to occur at synchronized time instances. Moreover, implementing a
packet-level video trace-driven simulation of the proposed method is intended as the next

step for performance evaluation.
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Appendix A

Description of Dec-POMDP Model
in dpomdp Text Format

# Dec-POMDP Model of Multi-User Adaptive Rate Control for Video Streaming
# By: Mahdi Hemmati

agents: 2
#Discount factor

discount: 1.0
#Type of Values

values: reward
#States (Congestion Level)

states: CgLL CgL CgM CgH CgHH
#Initial state distribution

start exclude: CgLL CgHH
#Actions (Sending Rate kbps)

actions:

R1M R2M R3M

R1M R2M R3M

#0bservations (Packet Loss Rate)

observations:

pLL pL pM pH pHH

pLL pL pM pH pHH
#Transition Probabilities
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T: <al a2> :
matrix of values for <s> & <s’>
CgM

CgLL
RIM RIM :
0.3845
0.0671
0.0642
0.1363
0.1584

: R1IM R2M :

0.0858
0.0117
0.0059
0.0143
0.0222

: RIM R3M :

0.0070
0.0011
0.0003
0.0005
0.0012

: R2M R1M :

0.0858
0.0117
0.0059
0.0143
0.0222

: R2M R2M :

0.0070
0.0011
0.0003
0.0005
0.0012

: R2M R3M :

0.0002
0.0000
0.0000
0.0000
0.0000

: R3M R1M :

0.0070
0.0011
0.0003
0.0005
0.0012

: R3M R2M :

0.0002

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O

O O O O O

CgL

.55615
.8661
.55627
.5864
.6818

.5999
.7369
.2456
.3000
.4666

.2702
.3820
.0665
.0637
.1351

.5999
. 7369
.2456
.3000
.4666

.2702
.3820
.0665
.0637
.13561

.0444
.0857
.0117
.0059
.0143

.2702
.3820
.0665
.0637
.1351

.0444

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O

O O O O O

.0635
.0665
.3820
.2703
.1571

.3000
. 2456
. 7368
.6000
.4666

.5865
.5527
.8664
.55627
.5865

.3000
.2456
.7368
.6000
.4666

.5865
.55627
.8664
.5527
.5865

.4666
.6000
. 7368
. 2456
.3000

.5865
.5527
.8664
.5527
.5865

.4666

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O

O O O O O

CgH

.0005
.0003
.0011
.0070
.0027

.0143
.0058
.0117
.0857
.0444

.1351
.0637
.0665
.3820
.2702

.0143
.0058
.0117
.0857
.0444

.1351
.0637
.0665
.3820
.2702

.4666
.3000
.2456
. 7368
.5999

.1351
.0637
.0665
.3820
.2702

.4666

CgHH

O O O O O O O O O O O O O O O O O O O O O O O O O O O O O O

O O O O O
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.0000
.0000
.0000
.0000
.0000

.0000
.0000
.0000
.0000
.0002

.0012
.0005
.0003
.0011
.0070

.0000
.0000
.0000
.0000
.0002

.0012
.0005
.0003
.0011
.0070

.0222
.0143
.0059
.0117
.0858

.0012
.0005
.0003
.0011
.0070

.0222



0.0000 0.0857 0.6000 0.3000 O
0.0000 0.0117 0.7368 0.2456 O
0.0000 0.0059 0.2456 0.7368 O
0.0000 0.0143 0.3000 0.5999 O

T: R3M R3M :
0.0000 0.0027 0.1571 0.6818 O
0.0000 0.0070 0.2702 0.5865 O
0.0000 0.0011 0.3820 0.5527 O
0.0000 0.0003 0.0665 0.8661 O
0.0000 0.0005 0.0635 0.5515 O

#0bservation Probabilities

# _________________________

# 0: <al a2> : <s’> : <ol 02> : Uf

0: * x : CgLL : pLL pLL : 0.8191

0: * x : CgLL : pLL pL : 0.0814

0: * x : CgLL : pLL pM : 0.0045

0: * x : CgLL : pLL pH : 0.0000

0: * x : CgLL : pLL pHH : 0.0000

0: * x : CgLL : pL pLL : 0.0814

0: * x : CgLL : pL pL : 0.0081

0: * x : CgLL : pL pM : 0.0005

0: * *x : CgLL : pL pH : 0.0000

0: * x : CgLL : pL pHH : 0.0000

0: * x : CgLL : pM pLL : 0.0045

0: * x : CgLL : pM pL : 0.0005

0: x x : CgLL : pM pM : 0.0000

0: * x : CgLL : pM pH : 0.0000

0: * x : CgLL : pM pHH : 0.0000

0: * x : CgLL : pH pLL : 0.0000

0: * x : CgLL : pH pL : 0.0000

0: * x : CgLL : pH pM : 0.0000

0: * x : CgLL : pH pH : 0.0000

0: * x : CgLL : pH pHH : 0.0000

0: * x : CgLL : pHH pLL : 0.0000

0: * *x : CgLL : pHH pL : 0.0000

0: * x : CgLL : pHH pM : 0.0000

0: *x x : CgLL : pHH pH : 0.0000

0: * x : CgLL : pHH pHH : 0.0000

0: * x : CgL : pLL pLL : 0.0090

0: * x : CgL : pLL pL : 0.0770

0: * x : CgL : pLL pM : 0.0086

0: * x : CgL : pLL pH : 0.0004

0: * x : CgL : pLL pHH : 0.0000

0: * x : CgL : pL pLL : 0.0770

0: * x : CgL : pL pL : 0.6561

0: x x : CgL : pL pM : 0.0729

0: * x : CgL : pL pH : 0.0041
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: CgL :
: CgL
: CgL
: CgL
: CgL
: CgL
: CgL :
: CgL
: CgL
: CgL
: CgL :
: CgL
: CgL
: CgL
: CgL
: CgL
: CgM :
: CgM
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM :
: CgM
: CgM
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :

: pM
: pM
: pM
: pM
: pM

: pH
: pH
: pH

: pHH
: pHH
: pHH
: pHH
: pHH

pLL
pLL
pLL
pLL

pHH
pLL
pLL
pLL
pLL
pLL

pL

pHH :
pLL :
: 0.0729
: 0.0081
: 0.0004
: 0.0000
: 0.0004
: 0.0041
: 0.0004
: 0.0000
: 0.0000
: 0.0000
: 0.0000
: 0.0000
: 0.0000
: 0.0000
: 0.0000
: 0.0004
: 0.0042
: 0.0004
: 0.0000
: 0.0004
: 0.0081
: 0.0729
: 0.0081
: 0.0004
: 0.0042
: 0.0729
: 0.6560
: 0.0729
pHH :
: 0.0004
: 0.0081
: 0.0729
: 0.0081
pHH :
pLL :
pL :
pM :
pH :
pHH :
pLL :
pL :
pM :
pH :
pHH :
pLL :

0.0000
0.0086

0.0042

0.0004
0.0000
0.0004
0.0042
0.0004
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
0.0000
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: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH :
: CgH
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :
: CgHH :

#Rewards

# R: <al a2> :

pL pL : 0.0000
pL pM : 0.0004
pL pH : 0.0041
pL pHH : 0.0004
pM pLL : 0.0000
pM pL : 0.0004
pM pM : 0.0081
pM pH : 0.0729
pM pHH : 0.0086
pH pLL : 0.0000
pH pL : 0.0041
pH pM : 0.0729
pH pH : 0.6561
pH pHH : 0.0770
pHH pLL : 0.0000
pHH pL : 0.0004
pHH pM : 0.0086
pHH pH : 0.0770
pHH pHH : 0.0090
pLL pLL : 0.0000
pLL pL : 0.0000
pLL pM : 0.0000
pLL pH : 0.0000
pLL pHH : 0.0000
pL pLL : 0.0000
pL pL : 0.0000
pL pM : 0.0000
pL pH : 0.0000
pL pHH : 0.0000
pM pLL : 0.0000
pM pL : 0.0000
pM pM : 0.0000
pM pH : 0.0005
pM pHH : 0.0045
pH pLL : 0.0000
pH pL : 0.0000
pH pM : 0.0005
pH pH : 0.0081
pH pHH : 0.0814
pHH pLL : 0.0000
pHH pL : 0.0000
pHH pM : 0.0045
pHH pH : 0.0814
pHH pHH : 0.8191
<s> : <s’> : <ol 02> : f
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L= v = - =S A= AR~ - = v i =~ B~ A~ A~ e A= VA= v B - - B~ S A= e B~ R < -~ - - B~ - B - I~ =« i = v S =~ IR =~2NR-"JNN-- - v = v B~ - B~ - B~ - R~ v = v S = - B~ S A~ - A~ AR S =~ A=~ A= = I~ v

R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R1M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R2M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M
R3M

R1M :
RiM :
R1M :
RiM :

R1M

R2M :
R2M :
R2M :
R2M :

R2M

R3M :
R3M :
R3M :
R3M :
R3M :

R1M

RiM :
R1M :
RiM :
Ri1M :

R2M

R2M :
R2M :
R2M :
R2M :
R3M :

R3M

R3M :
R3M :
R3M :
Ri1M :

R1M

Ri1M :
R1M :
RiM :
R2M :
R2M :

R2M

R2M :
R2M :
R3M :
R3M :

R3M

R3M :
R3M :

CgLL :
CgL : *
CgM : x*
CgH : *
: CgHH : *
CgLL : *
CgL : *
CgM : *
CgH : *
: CgHH : x*
CgLL : *
CgL : *
CgM : *
CgH : *
CgHH : =*
: CgLL : *
CgL : *
CgM : *
CgH : *
CgHH : *
: CgLL : x*
CgL : *
CgM : *
CgH : *
CgHH : =*
CgLL : *
: CgL : *
CgM : *
CgH : *
CgHH : =*
CgLL : *
: CgL @ *
CgM : *
CgH : *
CgHH : =*
CgLL : =*
CgL : *
: CgM @ *
CgH : *
CgHH : *
CgLL : *
CgL : *
: CgM @ *
CgH : *
CgHH :

: % : 1.8855
: % : 1.8831
: % : 1.8591
% 1 1.6343

% @ 0.7411

: % : 2.0058
: % @ 2.0012
: % : 1.9550
: % 1 1.5495

% 0.7172

: % : 2.0158
% @ 2.0101
% 1 1.9541
: % : 1.4838

:ox : 0.7171

: % : 2.0058
% @ 2.0012
: % : 1.9550
: % 1 1.5495

:ox 1 0.7172

% 1 2.1260
ox 12,1191
: % 1 2.0508
:ox 1 1.4648

: % : 0.6933

: % @ 2.1359
% @ 2.1280
: % 1 2.0499
: % @ 1.3988

: % @ 0.6932

: % 1 2.0158
% @ 2.0101
% 1 1.9541
: % : 1.4838

:ox : 0.7171

: % @ 2.1359
% 1 2.1280
: ok 2.0499
: % : 1.3988

: % @ 0.6932

: % @ 2.1459
% 1 2.1369
% 1 2.0490
% 1 1.3328

: % @ 0.6932

Listing A.1: Text Description of Dec-POMDP Model
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