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ABSTRACT

Al-Abbasi, Abubakr O. PhD, Purdue University, May 2020. A Quantitative Frame-
work for CDN-based Over-the-top Video Streaming Systems .  Major Professor:
Vaneet Aggarwal.

The demand for global video has been burgeoning across industries. With the
expansion and improvement of video-streaming services, cloud-based video is evolving
into a necessary feature of any successful business for reaching internal and external
audiences. Over-the-top (OTT) video streaming, e.g., Netflix and YouTube, has been
dominating the global IP traffic in recent years. More than 50% of OTT video traffic
are now delivered through content distribution networks (CDN).

Even though multiple solutions have been proposed for improving congestion in
the CDN system, managing the ever-increasing traffic requires a fundamental under-
standing of the system and the different design flexibilities (control knobs) to make
the best use of the hardware limitations. In Addition, there is no analytical under-
standing for the key quality of experience (QoE) attributes (stall duration, average
quality, etc.) for video streaming when transmitted using CDN-based multi-tier in-
frastructure, which is the focus of this thesis. The key contribution of this thesis is to
provide a white-box analytical understanding of the key QoE attributes of the end-
user in cloud storage systems, which can be used to systematically address the choppy
user experience and have optimized system designs. The first key design involves the
scheduling strategy, that chooses the subset of CDN servers to obtain the content.
The second key design involves the quality of each video chunk. The third key design
involves deciding which contents to cache at the edge routers and which content needs
to be stored at the CDN. Towards solving these challenges, this dissertation is divided

into three parts. Part 1 considers video streaming over distributed systems where the



XX

video segments are encoded using an erasure code for better reliability. Part 2 looks
at the problem of optimizing the tradeoff between quality and stall of the streamed
videos. In Part 3, we consider caching partial contents of the videos at the CDN as
well as at the edge-routers to further optimize video streaming services.

We present a model for describing a today’s representative multi-tier system ar-
chitecture for video streaming applications, typically composed of a centralized origin
server, several CDN sites and edge-caches. Our model comprehensively considers the
following factors: limited caching spaces at the CDN sites and edge-routers, allocation
of CDN for a video request, choice of different ports from the CDN, and the central
storage and bandwidth allocation. With this model, we optimize different quality
of experience (QoE) measures and present novel, yet efficient, algorithms to solve
the formulated optimization problems. Our extensive simulation results demonstrate
that the proposed algorithms significantly outperform the state-of-the-art strategies.
We take one step further and implement a small-scale video streaming system in a

real cloud environment, managed by Openstack, and validate our results



1. INTRODUCTION

1.1 Motivation

The demand of video streaming services have been skyrocketing over these years,
with the global video streaming market expected to grow annually at a rate of 18.3%
[1]. With the proliferation and advancement of video-streaming services, cloud-based
video has become an imperative feature of any successful business. This can also be
seen as IBM estimates cloud-based video will be a $105 billion market opportunity
by 2019 [2].

Many industry observers believe that Content Delivery Networks (CDNs), which
play a critical role in the delivery of high-quality video, provide an excellent use case
for deployment within the evolving frameworks [8]. Increased popularity of OTT
(over-the-top) content from Hulu, Netflix, Amazon, Youtube, and others, increasing
premium resolution offerings (HD, 8K, 360, VR), and more connected homes and
mobile devices have been playing a significant role in the consumption of online video
thus helping drive the shift to cloud environments. This proposal focuses on efficient
control and end-to-end management of these OTT video streaming systems.

In cloud storage systems, erasure coding has seen itself quickly emerged as a
promising technique to reduce the storage cost for a given reliability as compared to
the replicated systems [3,4]. It has been widely adopted in modern storage systems
by companies like Facebook [5], Microsoft [6], and Google [7]. We further note that
replication is a special case of erasure coding. Thus, the proposed research using
erasure-coded content on the servers can also be used when the content is replicated

on the servers.
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Fig. 1.1.: An illustration of our system model for video content delivery, consisting
of a datacenter, four cache servers (m = 4), and 2 edge routers. d; and F; parallel
connections are assumed between datacenter and cache server j, and datacenter and

edge router, respectively.

In cloud-based-video, the users are connected to an edge router, which fetch the
contents from the distributed storage servers (as depicted in Fig. 1.1'). Multiple
parallel streams (PSs) between a server and the edge router are considered, which
provides the ability to get multiple streams simultaneously. Unlike the case of file

download, the later video-chunks do not have to be downloaded as fast as possible to

!Detailed explaination for the system model and vCDN will be provided later.



improve the QoE and thus multiple parallel streams help achieve better QoE. This is
because later chunks can be downloaded while earlier chunks are streamed. The key

differences in streaming of video content as compared to the file download include

1. video can be streamed at different quality which gives an additional choice of

the quality of each streamed video,
2. different video-chunks can be obtained from different set of servers,

3. stall duration accounts for time of delivery of each video-chunk rather than just

the last video-chunk, and

4. caching policy has to make decisions for every video segment rather than entire
video file, since video files are generally larger in size as compared to other files.
Thus, the choice among different qualities, caching, and server selection for each

video segment makes the problem challenging.

This thesis seeks to improve the QoE of the clients, key attributes of which include
(i) Mean stall duration, (ii) Tail probability of stall duration, (iii) Average quality of
streamed videos, and (iv) Cache miss (resp. hit) rate of edge-caches.

OTT video streaming, such as Netflix and YouTube, has been dominating the
global IP traffic in recent years. It is shown in [8] that video streaming applications in
North America now represents 62% of the Internet traffic, and this figure will continue
to grow due to the introduction of even higher resolution video formats such as 4K on
the horizon. With the growing popularity of video services, increased congestion and
latency related to retrieving content from remote datacenters can lead to degraded
end customer experience. Service and content providers often seek to mitigate such
performance issues by employing caching at the network edge and by pushing content
closer to their customers using content distribution networks (CDNs). More than 50%
of over-the-top video traffic are now delivered through CDNs [9)].

Caching of video content has to address a number of crucial challenges that differ

from caching of web objects, see for instance [10] and the references therein. First,



video streaming services such as Netflix [11] often adopt a proactive caching strategy,
which conciously pushes video files into local caches during off-peak hours, while
cache content is updated according to changes in predicted demand. Due to the
correlation in user preferences within different regions [10], it calls for new solutions
that take into account both regional and global popularity of video files, for jointly
optimizing cache content and performance. Second, video files are significantly larger
in size than web objects. In order to minimize congestion and latency, caching of
video files must be optimized together with network resource allocation and request
scheduling, which however, is currently under-explored. Finally, while recent work
have considered video-streaming over distributed storage systems [10], they normally
focus on network performance metrics similar to those considered by web object
caching (e.g., packet delay and cache hit rate), rather than QoE metrics that are
more relevant to end user experience in over-the-top video streaming.

This thesis considers video streaming when the content is placed on cloud servers,
where coding is used. We consider two different coding techniques: erasure and
repetition coding. The key QoE metric for video streaming is the duration of stalls at
the clients. This work gives bounds on the stall durations, and uses that to propose

an optimized streaming service that minimizes average QoE for the clients.

1.2 Target System

Our work is motivated by the architecture of a production system with a Virtu-
alized Content Distribution Network (vCDN), as depicted in Fig. 1.1. Such services,
for instance, include video-on-demand (VoD), live linear streaming services (also re-
ferred to as over-the-top video streaming services), firmware over the air (FOTA)
Android updates to mobile devices, etc. The main role of this CDN infrastructure
is not only to provide users with lower response time and higher bandwidth, but
also to distribute the load (especially during peak time) across many edge locations.

Consequently, the core backbone network will have reduced network load and better



response time. The origin server has original data and CDN sites have only part of
those data. Each CDN site is composed of multiple cache servers each of which is
typically implemented as a VM backed by multiple directly attached solid state drives
(SSDs) for higher throughput. The cache servers store video segments and a typical
duration of each segment covers 5 — 11 seconds of playback time.

Further, the typical vCDN architecture includes an additional cache at the edge,
called edge cache. This edge cache allows for saving some recently accessed videos.
This cache can also help multicasting content to another user connected to the same
edge router. One of the typical policy that is used in edge cache is based on least-
recently-used (LRU) caching policy [12]. In this work, we will consider a modification
of this strategy to weigh the eviction policy of contents dependent on their weight,
placement, and access rates and thus can be optimized.

When a client such as VoD /LiveTV app requests a certain content, it goes through
multiple steps. First, it sees whether the content is in edge cache. If so, the content
is directly accessed from the edge cache. Then, it sees whether the content has been
requested by someone connected to the same edge router and is being sent to them.
In this case, the content already received at the edge router is sent to the user and
the remaining content is passed as received (equivalent to a multicast stream setup).
If the content cannot be obtained in the two steps, the client then contacts CDN
manager, choose the best CDN service to use and retrieve a fully qualified domain
name (FQDN). Fourth, with the acquired FQDN; it gets a cache server’s IP address
from a content routing service (called iDNS). Then we use the IP address to connect
to one of the cache servers. The cache server will directly serve the incoming request
if it has data in its local storage (cache-hit). If the requested content is not on the
cache server (i.e., cache-miss), the cache server will fetch the content from the origin
server and then serve the client.

In this thesis, we will present a generic mathematical model applicable to not
only our considered system but also other video streaming systems that implement

CDN-like two-tier caching structure.



1.3 Thesis Contributions

The key contribution of this thesis is to provide a white-box analytical under-
standing of the key QoE attributes of the end-user in cloud storage systems, which
can be used to systematically address the choppy user experience and have optimized
system designs. The first key design involves the scheduling strategy, that chooses
the subset of CDN servers to obtain the content. The second key design involves the
quality of each video chunk. The third key design involves deciding which contents to
cache at the edge routers and which content needs to be stored at the CDN. Towards
solving these challenges, the thesis is divided into four parts.

Part 1 considers video streaming over distributed systems where the video seg-
ments are encoded using an erasure code for better reliability thus being the first work
to our best knowledge that considers video streaming over erasure-coded distributed
cloud systems. The download time of each coded chunk of each video segment is char-
acterized and ordered statistics over the choice of the erasure-coded chunks is used
to obtain the playback time of different video segments. Using the playback times,
bounds on the moment generating function on the stall duration is used to bound
the mean stall duration. Moment generating function based bounds on the ordered
statistics are also used to bound the stall duration tail probability which determines
the probability that the stall time is greater than a pre-defined number. These two
metrics, mean stall duration and the stall duration tail probability, are important
QoE measures for the end users. Based on these metrics, we formulate an optimiza-
tion problem to jointly minimize the convex combination of both the QoE metrics
averaged over all requests over the placement and access of the video content. The
non-convex problem is solved using an efficient iterative algorithm. Numerical results
show significant improvement in QoE metrics for cloud-based video as compared to
the considered baselines.

Part 2 looks at the problem of optimizing the quality of streamed video. Given

multiple parallel streams between each server and the edge router, we determine, for



each client request, the subset of servers to stream the video, as well as one of the
parallel streams from each chosen server. In order to have this scheduling, we propose
a two-stage probabilistic scheduling. The selection of video quality is also chosen with
a certain probability distribution, that is optimized in our algorithm. With these pa-
rameters, the playback time of video segments is determined by characterizing the
download time of each coded chunk for each video segment. Using the playback times,
a bound on the moment generating function of the stall duration is used to bound
the mean stall duration. Based on this, we formulate an optimization problem to
jointly optimize the convex combination of mean stall duration and average video
quality for all requests, where the two-stage probabilistic scheduling, video quality
selection, bandwidth split among parallel streams, and auxiliary bound parameters
can be chosen. This non-convex problem is solved using an efficient iterative algo-
rithm. Based on the offline version of our proposed algorithm, an online policy is
developed where servers selection, quality, bandwidth split, and parallel streams are
selected in an online manner. Experimental results show significant improvement in
QoE metrics for cloud-based video as compared to the considered baselines.
Different from the previous two parts, in Part 3 we present a model for describ-
ing a today’s representative system architecture for video streaming applications,
typically composed of a centralized origin server and several CDN sites. Our model
comprehensively considers the following factors: limited caching spaces at the CDN
sites, allocation of CDN for a video request, choice of different ports from the CDN,
and the central storage and bandwidth allocation. With the model, we focus on min-
imizing a performance metric, stall duration tail probability (SDTP), and present
a novel, yet efficient, algorithm to solve the formulated optimization problem. The
theoretical bounds with respect to the SDTP metric are also analyzed and presented.
Our extensive simulation results demonstrate that the proposed algorithms can sig-
nificantly improve the SDTP metric, compared to the state-of-the-art strategies. We
take one step further and implement a small-scale video streaming systems in a real

cloud environment and validate our results.



Since streaming services can include multiple caching tiers, at the distributed
servers and the edge routers, efficient content management at these locations improves
the QoE of the end users. In this part of the thesis, besides the several CDN caches,
edge-caches are placed close to the end users to further improve the QoE of users.
The theoretical bounds with respect to the SDTP metric are analyzed and presented.
The implementation on a virtualized cloud system manged by Openstack demonstrate
that the proposed algorithms can significantly improve the SDTP metric, compared

to the baseline strategies.

1.3.1 Thesis Outcomes and Publications

The work throughout my PhD study has resulted in the following publications:

e Abubakr Alabbasi, Vaneet Aggarwal, Tian Lan, Yu Xiang, Moo-Ryong Ra,
and Yih-Farn R. Chen, ”FastTrack: Minimizing Stalls for CDN-based Over-
the-top Video Streaming Systems,” IEEE Transactions on Cloud Computing,
Jun 2019.

e Abubakr Alabbasi, Vaneet Aggarwal, and Moo-Ryong Ra, ” Multi-tier Caching
Analysis in CDN-based Over-the-top Video Streaming Systems,” TEEE/ACM
Transactions on Networking, vol. 27, no. 2, pp. 835-847, April 2019.

e Abubakr Alabbasi and Vaneet Aggarwal, ”Video Streaming in Distributed
Erasure-coded Storage Systems: Stall Duration Analysis,” IEEE/ACM Trans-
actions on Networking, vol. 26, no. 4, pp. 1921-1932, Aug. 2018.

e Abubakr Al-Abbasi and Vaneet Aggarwal, ” Optimized Video Streaming over
Cloud: A Stall-Quality Trade-off,” Submitted to ACM Tompecs, Aug 2018
(Major Rev., Revised Apr 2019, v2).

e Abubakr Alabbasi and Vaneet Aggarwal, ” Joint Information Freshness and
Completion Time Optimization for Vehicular Networks,” Submitted to IEEE

Transactions on Service Computing, May 2018 (Major Rev, under revision, v3).



e Abubakr Alabbasi and Vaneet Aggarwal, “Stall-Quality Tradeoff for Cloud-
based Video Streaming,” in Proc. IEEE SPCOM, Jul 2018

e Abubakr Alabbasi and Vaneet Aggarwal, ”EdgeCache: An Optimized Algo-
rithm for CDN-based Over-the-top Video Streaming Services,” in Proc. Infocom
Workshop (International Workshop on Integrating Edge Computing, Caching,
and Offloading in Next Generation Networks (IECCO)), Apr 2018.

e Abubakr Alabbasi and Vaneet Aggarwal, "Mean Latency Optimization in
Erasure-coded Distributed Storage Systems,” in Proc. Infocom Workshop (In-
ternational Workshop on Cloud Computing Systems, Networks, and Applica-
tions (CCSNA)), Apr 2018.

Besides working towards my PhD thesis, I have worked on some other research

areas which, as a result, produces the following papers:

e Abubakr Al-Abbasi, Arnob Ghosh, and Vaneet Aggarwal, "DeepPool: Dis-
tributed Model-free Algorithm for Ride-sharing using Deep Reinforcement Learn-
ing,” Accepted to IEEE Transactions on Intelligent Transportation Systems, Jul
2019.

e Abubakr Alabbasi, Vaneet Aggarwal, and Tian Lan, ?TTLoC: Taming Tail
Latency for Erasure-coded Cloud Storage Systems,” Accepted to IEEE TNSM,
May 2019.

e Abubakr Alabbasi, and Vaneet Aggarwal, "BitFedEx: Quantifying Data
Freshness and Tail Latency in Multi-path Wireless Networks ,” submitted to
INFOCOM 2020.

e Abubakr Alabbasi, and Vaneet Aggarwal, ”Swift: Joint Information Fresh-

ness and Completion Time Optimization for Cloud Applications,” submitted to

INFOCOM 2020.
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e Ashutosh Singh, Abubakr Alabbasi, and Vaneet Aggarwal, ” A Reinforcement
Learning Based Algorithm for Multi-hop Ride-sharing: Model-free Approach,”
in Proc. Neurips Workshop, Dec 2019.

e Abubakr Alabbasi, Ali Elghariani, Anis Elgabli, and Vaneet Aggarwal, ”On
the Information Freshness and Tail Latency Trade-off in Mobile Networks,” in

Proc. Globecomm, Dec 2019.

e Ashutosh Singh, Abubakr Alabbasi, and Vaneet Aggarwal, ”A Distributed
Model-Free Algorithm for Multi-hop Ride-sharing using Deep Reinforcement
Learning,” Submitted to IEEE Transactions on Intelligent Trasnportation Sys-
tems, Oct 2019.

e Ashwin Kumar Boddeti, Abubakr Alabbasi, Vaneet Aggarwal, and Zubin
Jacob, ”Spectral domain inverse design for accelerating nanocomposite meta-

materials discovery,” submitted to Optical Materials Express, (Major Rev., Nov.

2019 Major Rev.)

e Abubakr Alabbasi and Vaneet Aggarwal, ”TTLCache: Minimizing Latency
in Erasure-coded Storage through Time To Live Caching,” Submitted to IEEE
Transactions on Network and Service Management, May 2019 (Major Rev.,

under revision).

e Abubakr Alabbasi, Ali Elghariani, Anis Elgabli, and Vaneet Aggarwal, ” PSS:
Joint Information Freshness and Tail Latency Optimization for Real-time Ap-
plications,” Submitted to IEEE/ACM TON, Mar 2019 (Major Rev., Revised
Sept 2019, v2).

1.3.2 Thesis Organization

The structure of this thesis is organized as follows. Chapter 2 provides related
work for this work. We first provide the related work in distributed storage systems
and highlight how our work advances them. Then, we present the related work in

video streaming and scheduling over parallel servers.
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In Chapter 3, we propose a framework for optimizing the video over erasure dis-
tributed storage system. In this chapter, we provide expressions for the download
and play times of the chunks which are used to find the upper bounds on the QoE
metrics of the mean stall duration and video stall latency. Then, based on these ex-
pressions, we formulate the QoE optimization problem as a weighted combination of
the two QoE metrics and propose the iterative algorithmic solution of this problem.
At the end of this chapter, numerical results are provided and a summary for the
main results are presented.

Chapter 4 extends the model presented in Chapter 3 to the scenarios where videos
can be streamed over parallel links with different quality levels. We first describe the
system model with a description of video streaming over cloud storage. We then
derive the download and play times of the chunks in closed forms. Based on this
analysis, we formulate a generic QoE optimization problem as a weighted combination
of the two QoE metrics (quality and stall) and propose efficient algorithms to solve
this problem. Simulation results show the superiority of our approach and the key
conclusion outcome are provided at the end of this chapter.

Chapter 5 presents a model for describing a today’s representative system archi-
tecture for video streaming applications, typically composed of a centralized origin
server, several CDN sites, and edge-caches. We start by describing the system model
used in the work with a description of CDN-based Over-the-top video streaming sys-
tems. We then provide an upper bound on the mean stall duration which is then used
to formulate the QoE optimization problem as a weighted sum of all SDTP of all files
and propose simple, yet efficient, solution for our problem. Experimental results are
also. We conclude this chapter by highlighting the key remarks concluded out of this
work.

The key observations and the major conclusion remarks are presented in Chapter
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2. BACKGROUND AND LITERATURE REVIEW
2.1 Latency in Erasure-coded Storage

While latency in erasure coded storage systems has been widely studied, to our
best knowledge, quantifying exact latency for erasure-coded storage system in data-
center network is an open problem. Prior works focusing on asymptotic queuing delay
behaviors [13,14] are not applicable because redundancy factor in practical data cen-
ters typically remains small due to storage cost concerns. Due to the lack of analytic
latency models, most of the literature is focused on reliable distributed storage system
design, and latency is only presented as a performance metric when evaluating the
proposed erasure coding scheme, e.g., [15,16], which demonstrate latency improve-
ment due to erasure coding in different system implementations. Related design can
also be found in data access scheduling [17, 18], access collision avoidance [19], and
encoding/decoding time optimization [20] and there is also some work using the LT
erasure codes to adjust the system to meet user requirements such as availability,
integrity and confidentiality [21].

Recently, there has been a number of attempts at finding latency bounds for an
erasure-coded storage system [22-26]. The key scheduling approaches include block-
one-scheduling policy that only allows the request at the head of the buffer to move
forward [27], fork-join queue [25,28] to request data from all server and wait for the
first & to finish, and the probabilistic scheduling [22,23] that allows choice of every
possible subset of k nodes with certain probability. Mean latency and tail latency
have been characterized in [22,23] and [29] respectively for a system with multiple
files using probabilistic scheduling. This work considers video streaming rather than
file downloading. The metrics for video streaming does not only account for the end

of the download of the video but also of the download of each of the segment. Thus,
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the analysis for the content download cannot be extended to the video streaming
directly and the analysis approach in this work is very different from the prior works

in the area.

2.2 Video Streaming over Cloud

Servicing Video on Demand and Live TV Content from cloud servers have been
studied widely [30-34]. The placement of content and resource optimization over the
cloud servers have been considered. To the best of our knowledge, reliability of content
over the cloud servers have not been considered for video streaming applications. In
the presence of erasure-coding, there are novel challenges to characterize and optimize
the QoE metrics at the end user. Adaptive streaming algorithms have also been
considered for video streaming [35,36], which are beyond the scope of this work and
are left for future work.

In [37], authors utilize the social information propagation pattern to improve
the efficiency of social video distribution. Further, they used replication and user
request dispatching mechanism in the cloud content delivery network architecture to
reduce the system operational cost, while maintaining the averaged service latency.
However, this work considers only video download. The benefits of delivering videos
at the edge network is shown in [38]. Authors show that bringing videos at the
edge network can significantly improve the content item delivery performance, in
terms of improving quality experienced by users as well as reducing content item
delivery costs. To the best of our knowledge, reliability of content over the cloud
servers have not been considered for video streaming applications. There are novel
challenges to characterize and optimize the QoE metrics at the end user. In [39-41]
a predictive model of video, apps, and web QoE is developed using machine-learning
algorithms. However, these works do not model (or quantify) the impact of the
control parameters on quality metrics or engagement. In [42], the effects of end-user

mobility on the perceived popularity distribution and join strategy across different
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CDN sites are considered. The data flow between different CDNs are investigated in
[43]. However, none of these works quantify the SDTP and/or optimize the resources
or chunk placement. Adaptive streaming algorithms have also been considered for
video streaming [36,44, 45] which are beyond the scope of this work and are left for

future work.

2.3 Scheduling in Distributed Systems

Different approaches have been proposed to schedule task on different servers.
Some examples of these approaches are d-choose-2, or power-of-2 (pof(d)), In this
policy, d servers are randomly selected and then the request is sent to the shortest
two queues/links. Similar approaches like join shortest queue (JSQ) and Least Load-d
LL(d) are proposed in [46-48]. However, these approaches are queue dependent, hence
have to keep tracking the instantaneous queue levels, which increases the complexity
of servers selection. Further, unlike our policy, these approaches do not differentiate
between the different updates. We give more priority to the updates with higher

weights (e.g., higher arrival rates) in order to minimize the overall performance.

2.4 Caching Analysis

Performance of caching mechanisms is hard to analyze. This is because the Markov
chain associated with a single cache (adopting LRU for example) has exponential
number of states [49]. Several approximation methods have been investigated, in the
literature. Two key types of analysis techniques are considered: the characteristic
time approximation based approaches and the network calculus based approaches.
One of the key metrics to quantify caching systems is the hit ratio, which describes
the probability of finding a file in the cache given a popularity distribution on the set
of available content. Authors in [50] proposed a method for approximating the hit
rates for an LRU caching system assuming that all files are of identical size. However,

in most cases, files are of different sizes. Further work in [51] extends the previous
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work to accommodate the case of multiple file sizes. Several variants of LRU have
been proposed, including q-LRU, k-LRU, RANDOM, and k-RANDOM [52]. In order
to have better performance with realistic file sizes, multiple approaches have been
proposed. In [53], an admission control strategy is used to decrease the probability
that a large file size is added in the cache, thus reducing the possibilities that a large
file arrival can evict multiple small files.

TTL-based caching has been extensively studied in the literature. TTL caching
model has connections to the popular caching policies such as LRU. Even though
TTL caching has been widely studied, they have not been analyzed for characterizing
latency in erasure-coded storage systems which is the focus of this paper. Further,
our model differs from previous models by associating TTL window to files (w; for

file 4) and thus a file is evicted if not requested in the last w; time, if needed.
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3. VIDEO STREAMING OVER DISTRIBUTED
STORAGE SYSTEMS

3.1 Introduction

In this part, we consider two measures of QoE metrics in terms of stall duration.
The first is the mean stall duration. Almost every viewer can relate to the quality
of experiences for watching videos being the stall duration and is thus one of the
key focus in the studied streaming algorithms [54,55]. The second is the probability
that the stall duration is greater than a fixed number x, which determines the stall
duration tail probability. It has been shown that in modern Web applications such as
Bing, Facebook, and Amazon’s retail platform, the long tail of latency is of particular
concern, with 99.9th percentile response times that are orders of magnitude worse
than the mean [11,56]. Thus, the QoE metric of stall duration tail probability becomes
important. This work characterizes an upper bound on both QoE metrics.

We note that quantifying service latency for erasure-coded storage is an open
problem [26], and so is tail latency [29]. This thesis takes a step forward and explores
the notions for video streaming rather than video download. Thus, finding the exact
QoE metrics is an open problem. This work finds the bounds on the QoE metrics. The
data chunk transfer time in practical systems follows a shifted exponential distribution
[23,24] which motivates the choice that the service time distribution for each video
server is a shifted exponential distribution. Further, the request arrival rates for
each video is assumed to be Poisson. The video segments are encoded using an
(n, k) erasure code and the coded segments are placed on n different servers. When
a video is requested, the segments need to be requested from k out of n servers.
Optimal strategy of choosing these k servers would need a Markov approach similar

to that in [26] and suffers from a similar state explosion problem, because states of
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the corresponding queuing model must encapsulate not only a snapshot of the current
system including chunk placement and queued requests but also past history of how
chunk requests have been processed by individual nodes.

In this work, we use the probabilistic scheduling proposed in [22,23] to access
the k servers, where each possibility of k servers is chosen with certain probability
and the probability terms can be optimized. Using this scheduling mechanism, the
random variables corresponding to the times for download of different video segments
from each server are found. Using ordered statistics over the k servers, the random
variables corresponding to the playback time of each video segment are characterized.
These are then used to find bounds on the mean stall duration and the stall duration
tail probability. Moment generating functions of the ordered statistics of different
random variables are used in the bounds. We note that the problem of finding la-
tency for file download is very different from the video stall duration for streaming.
This is because the stall duration accounts for download time of each video segment
rather than only the download time of the last video segment. Further, the download
time of segments are correlated since the download of chunks from a server are in
sequence and the playback time of a video segment are dependent on the playback
time of the last segment and the download time of the current segment. Taking these
dependencies into account, this work characterizes the bounds on the two QoE met-
rics. We note that for the special case when each video has a single segment, the
bounds on mean stall duration and stall duration tail probability reduce to that for
file download. Further, the bounds based on the approach in this work have been
shown to outperform the results for mean file download latency in [22,23].

The proposed framework provides a mathematical crystallization of the engineer-
ing artifacts involved and illuminates key system design issues through optimization
of QoE. The average QoE metric over different requests can be optimized over the
placement of the video files, the access of the video files from the servers, and the
bound parameters. The tradeoff in the two QoE metrics is captured by defining the

objective function which is a convex combination of the two QoE metrics. Varying



18

the parameter trading off the two metrics can be used to get a tradeoff region be-
tween the two metrics helping the system designer to choose an appropriate point.
An efficient algorithm is proposed to solve the proposed non-convex problem. The
proposed algorithm does an alternating optimization over the placement, access, and
the bound parameters. The optimization over probabilistic scheduling access param-
eters help reduce the mean and tail of the stall durations by differentiating video files
thus providing more flexibility as compared to choosing the lowest queue servers.

The sub-problems have been shown to have convex constraints and thus can be
efficiently solved using iNner cOnVex Approximation (NOVA) algorithm proposed
in [57]. The proposed algorithm is shown to converge to a local optimal. Numeri-
cal results demonstrate significant improvement of QoE metrics as compared to the
baselines.

Today, cloud-based video does not use erasure coding. One of the key reason is the
additional decoding latency from multiple coded streams. Since the computing has
been growing exponentially [58], it is only a matter of time when the computation
of decoding will not limit the latencies in delay sensitive video streaming and the
networking latency will govern the system designs. Further, we note that replication
is a special case of erasure coding. Thus, the proposed research using erasure-coded
content on the servers can also be used when the content is replicated on the servers.

The key contributions of this part of the thesis include:

e This chapter formulates video streaming over erasure-coded cloud storage sys-

tem.

e The random variable corresponding to the download time of a chunk of each
video segment from a server is characterized. Using ordered statistics, the ran-
dom variable corresponding to the playback time of each video segment is found.
These are further used to derive upper bounds on the mean stall duration of

the video and the video stall duration tail probability.
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e The QoE metrics are used to formulate system optimization problems over the
choice of the placement of video segments, probabilistic scheduling access policy
and the bound parameters which are related to the moment generating function.

Efficient iterative solutions are provided for these optimization problems.

e Numerical results show that the proposed algorithms converges within a few
iterations. Further, the QoE metrics are shown to have significant improvement
as compared to the considered baselines. For instance, the mean stall duration
for the proposed algorithm is 60% smaller and the stall duration tail probability
is orders of magnitude better as compared to random placement and projected

equal access probability strategy.

3.2 Chapter Organization

The remainder of this chapter is organized as follows. Section 2 provides related
work for this work. In Section 3 of this chapter, we describe the system model used in
the work with a description of video streaming over cloud storage. Section 4 derives
expressions on the download and play times of the chunks which are used in Sections
5 and 6 to find the upper bounds on the QoE metrics of the mean stall duration
and video stall latency, respectively. Section 7 formulates the QoE optimization
problem as a weighted combination of the two QoE metrics and proposes the iterative
algorithmic solution of this problem. Numerical results are provided in Section 8.

Section 9 concludes the work.

3.3 System Model

We consider a distributed storage system consisting of m heterogeneous servers
(also called storage nodes), denoted by M = 1,2,...,m. Each video file i, where
t = 1,2,...r, is divided into L; equal segments, G, 1, --, G, ,, each of length 7 sec.

Then, each segment G, ; for j € {1,2,...,L;} is partitioned into k; fixed-size chunks
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and then encoded using an (n;, k;) Maximum Distance Separable (MDS) erasure code
to generate n; distinct chunks for each segment G, ;. These coded chunks are denoted
as Ci(;), e ,CZ»(ZZ'). The encoding setup is illustrated in Figure 4.2.

The encoded chunks are stored on the disks of n; distinct storage nodes. These
storage nodes are represented by a set S;, such that S; € M and n; = |S;|. Each

9z

,J) for all j and for some ¢, € {1,--- ,n;}. In

server z € §; stores all the chunks C
other words, each of the n; storage nodes stores one of the coded chunks for the entire
duration of the video. The placement on the servers is illustrated in Figure 3.2, where
the server 1 is shown to store first coded chunks of file 7, third coded chunks of file u
and first coded chunks for file v.

The use of (n;, k;) of MDS erasure code introduces a redundancy factor of n;/k;
which allows the video to be reconstructed from the video chunks from any subset
of k;-out-of-n; servers. We note that the erasure-code can also help in recovery of
the content 7 as long as k; of the servers containing file ¢ are available [4]. Note that
replication along n servers is equivalent to choosing (n, 1) erasure code. Hence, when
a video 7 is requested, the request goes to a set A; of the storage nodes, where A; C S;
and k; = |A;|. From each server z € A;, all chunks Ci(’“;"z) for all j and the value of g,
corresponding to that placed on server z are requested. The request is illustrated in
Figure 3.2. In order to play a segment ¢ of video 1, C’Z-(ZZ) should have been downloaded
from all z € A;. We assume that an edge router which is a combination of multiple
users is requesting the files. Thus, the connections between the servers and the edge
router is considered as the bottleneck. Since the service provider only has control
over this part of the network and the last hop may not be under the control of the
provider, the service provider can only guarantee the quality-of-service till the edge
router.

We assume that the files at each server are served in order of the request in a
first-in-first-out (FIFO) policy. Further, the different chunks are processed in order

of the duration. This is depicted in Figure 5.1, where for a server ¢, when a file 7 is
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Fig. 3.1.: A schematic illustrates video fragmentation and erasure-coding processes.

Video i is composed of L; segments. Each segments is partitioned into k; chunks and

then encoded using an (n;, k;) MDS code.
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requested, all the chunks are placed in the queue where other video requests before
this that have not yet been served are waiting.

In order to schedule the requests for video file ¢ to the k; servers, the choice
of k;-out-of-n; servers is important. Finding the optimal choice of these servers to
compute the latency expressions is an open problem to the best of our knowledge.
Thus, this work uses a policy, called Probabilistic Scheduling, which was proposed
in [22,23]. This policy allows choice of every possible subset of k; nodes with certain
probability. Upon the arrival of a video file ¢, we randomly dispatch the batch of k;
chunk requests to appropriate a set of nodes (denoted by set A; of servers for file
i) with predetermined probabilities (P (.A;) for set A; and file 7). Then, each node
buffers requests in a local queue and processes in order and independently as explained
before. The authors of [22,23] proved that a probabilistic scheduling policy with
feasible probabilities {P (A;) : V;, A;} exists if and only if there exists conditional
probabilities 7;; € [0, 1] Vi, j satisfying

Zﬂ-ij:ki Vi and 7Tij:0 1f]¢$Z
j=1

In other words, selecting each node j with probability 7;; would yield a feasible
choice of {P (A;): V;, A;}. Thus, we consider the request probabilities 7;; as the
probability that the request for video file 7 uses server j. While the probabilistic
scheduling have been used to give bounds on latency of file download, this work uses
the scheduling to give bounds on the QoE for video streaming.

We note that it may not be ideal in practice for a server to finish one video
request before starting another since that increases delay for the future requests.
However, this can be easily alleviated by considering that each server has multiple
queues (streams) to the edge router which can all be considered as separate servers.
These multiple streams can allow multiple parallel videos from the server. The prob-
abilistic scheduling can choose k; of the overall queues to access the content. Possible

approaches of extension to accommodate such scenarios are shown in the Appendix

A.10.
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We now describe a queuing model of the distributed storage system. We assume
that the arrival of client requests for each video ¢ form an independent Poisson process
with a known rate A;. The arrival of file requests at node j forms a Poisson Process
with rate A; = Y. A\;m; ; which is the superposition of r Poisson processes each with
rate \;m; ;.

We assume that the chunk service time for each coded chunk Ci(fl“ ) at server 7,
X, follows a shifted exponential distribution as has been demonstrated in realistic
systems [23,24]. The service time distribution for the chunk service time at server j,
X, is given by the probability distribution function f;(z), which is

e @8) oy > B,

filz) = : (3.1)
0, T < 5]'

We note that exponential distribution is a special case with 8; = 0. We note that
the constant delays like the networking delay, and the decoding time can be easily
factored into the shift of the shifted exponential distribution. Let M;(t) = E [etXJ}
be the moment generating function of X;. Then, M;(t) is given as

a .

J , Pt t < aq (3.2)

Oéj—

M;(t) =
We note that the arrival rates are given in terms of the video files, and the service
rate above is provided in terms of the coded chunks at each server. The client plays
the video segment after all the k; chunks for the segment have been downloaded
and the previous segment has been played. We also assume that there is a start-up
delay of dy (in seconds) for the video which is the duration in which the content can
be buffered but not played. This work will characterize the stall duration and stall
duration tail probability for this setting.

3.4 Download and Play Times of the Chunks

In order to understand the stall duration, we need to see the download time of

different coded chunks and the play time of the different segments of the video.
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3.4.1 Download Times of the Chunks from each Server

In this subsection, we will quantify the download time of chunk for video file ¢
from server 7 which has chunks C’i(zj ) for all g=1,---L;. We consider download of ¢*»
chunk Ci(f; ). As seen in Figure 5.1, the download of CZ-(ZJ' ) consists of two components
- the waiting time of all the video files in queue before file 7 request and the service
time of all chunks of video file i up to the ¢ chunk. Let W; be the random variable
corresponding to the waiting time of all the video files in queue before file ¢ request
and Yj(q) be the (random) service time of coded chunk ¢ for file ¢ from server j. Then,
the (random) download time for coded chunk ¢ € {1,---,L;} for file ¢ at server

je A, D is given as

/[/7] ’

q
DY =w;+> v (3.3)
v=1

We will now find the distribution of ;. We note that this is the waiting time for
the video files whose arrival rate is given as A; = >, \;m; ;. Since the arrival rate of
video files is Poisson, the waiting time for the start of video download from a server
J, Wj, is given by an M/G/1 process. In order to find the waiting time, we would
need to find the service time statistics of the video files. Note that f;(z) gives the
service time distribution of only a chunk and not of the video files.

Video file ¢ consists of L; coded chunks at server j (j € S;). The total service time

for video file 7 at server j if requested from server j, ST; ;, is given as

L;
ST =Y v (3.4)
v=1
The service time of the video files is given as
Aj

R; = {STi,j with probability Tighi Vi, (3.5)

since the service time is ST;; when file i is requested from server j. Let R;(s) =

E[e~*f] be the Laplace-Stieltjes Transform of R;.
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Lemma 1 The Laplace-Stieltjes Transform of R;, R;(s) =E [e_SRJ} 1S given as

T

- Tk ((age P\
Rt =305 (2 (36)

i=1 J

Proof The proof is provided in Appendix A.1. [ ]

Corollary 1 The moment generating function for the service time of video files when
requested from server j, B;(t), is given by

=3 T (1) (3.7)

o o\t

foranyt >0, and t < «;.
Proof This corollary follows from (4.10) by setting t = —s. [ |

The server utilization for the video files at server j is given as p; = A;E [R;]. Since

E[R;] = Bj(0), using Lemma 4.10, we have

1

Having characterized the service time distribution of the video files via a Laplace-
Stieltjes Transform R;(s), the Laplace-Stieltjes Transform of the waiting time W
can be characterized using Pollaczek-Khinchine formula for M/G/1 queues [59], since
the request pattern is Poisson and the service time is general distributed. Thus, the

Laplace-Stieltjes Transform of the waiting time W is given as

—sW;] _ (1—pj)s
L e W (B XY (39)

Having characterized the Laplace-Stieltjes Transform of the waiting time W; and
knowing the distribution of Yj(v), the Laplace-Stieltjes Transform of the download

time Di(qj) is given as

—le(q]? _ (1 _pj)s Qi e~ Pis !
Ele™™] = s—A; (1= R;(s)) (aj+s i ) ' (310)
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We note that the expression above holds only in the range of s when s—A; (1 — R;(s)) >

0 and «a; + s > 0. Further, the server utilization p; must be less than 1. The overall
(9)

download time of all the chunks for the segment G, , at the client, D,;”, is given by

ng) = max D\? (3.11)

jEAi 2,7 °

3.4.2 Play Time of Each Video Segment

Let Ti(q) be the time at which the segment G, , is played (started) at the client.
The startup delay of the video is d,. Then, the first segment can be played at the

maximum of the time the first segment can be downloaded and the startup delay.

Thus,

T = max (ds, D§”>. (3.12)

(2

For 1 < ¢ < L;, the play time of segment ¢ of file ¢ is given by the maximum of the
time it takes to download the segment and the time at which the previous segment is
played plus the time to play a segment (7 seconds). Thus, the play time of segment

q of file 1, Ti@ can be expressed as
Ti(q) = max (Ti(q*l) + 7, ng)) . (3.13)

Equation (4.18) gives a recursive equation, which can yield

T = max (T-(Li_l)—l—T D(Li)>

2 3 K3

% %

= max (T;LFZ) +2r, D&Y 47 D(Li)>

= max (ds + (L; — 1)7,

max DY 4+ (L — 2 + 1)7’) (3.14)

z2=2

@) from (4.16), T;Li) can be written as

Since ng) = maxjeq; D;;
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T(LZ) _ L;+1 . 1
; tax max (pi.z) (3.15)
where
(
pi,j,z = (316)

DEV 4+ (Li—z+ )7, 2<2<(Li+1)
D

We next give the moment generating function of p; ;. that will be used in the
calculations of the QoE metrics in the next sections. Hence, we define the following

lemma.

Lemma 2 The moment generating function for p;; ., is given as

ot(dst(Li~1)7) =1
E [etpi’j’z] = (3.17)
et(Litl=2)T i(;‘_l) t) ,2<z<L;+1
where
L—pj) t (My(#))"

70 (1) = gl = L)tV 3.18

,J () [6 ] t—A](B](t)—1> ( )

Proof The proof is provided in Appendix A.2. [ ]

Ideally, the last segment should be completed by time d, + L;7. The difference
between TZ»(Li) and dg + (L; — 1)7 gives the stall duration. Note that the stalls may
occur before any segment. This difference will give the sum of durations of all the
stall periods before any segment. Thus, the stall duration for the request of file 5
is given as

=715 _q, — (L, — 1)r. (3.19)

7

In the next two sections, we will use this stall time to determine the bounds on the

mean stall duration and the stall duration tail probability.
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3.5 Mean Stall Duration

In this section, we will provide a bound for the first QoE metric, which is the
mean stall duration for a file . We will find the bound by probabilistic scheduling
and since probabilistic scheduling is one feasible strategy, the obtained bound is an
upper bound to the optimal strategy.

Using (4.24), the expected stall time for file i is given as follows

E[T9) = E|T" —d, - (Li—1)7

- E [T.(Lﬂ —dy— (Li— 1)1 (3.20)

7

An exact evaluation for the play time of segment L; is hard due to the dependencies
between p,, random variables for different values of j and z, where z € (1,2, ..., L; + 1)
and j € A;. Hence, we derive an upper-bound on the playtime of the segment L; as

follows. Using Jensen’s inequality [60], we have for ¢; > 0,

) (L) i
L[] <E [etiTi(L )} . (3.21)

Thus, finding an upper bound on the moment generating function for Ti(Li) can
lead to an upper bound on the mean stall duration. Thus, we will now bound the

moment generating function for Ti(Li).



30

L;) a
E {et"Ti( ] W g {max max etip”'z]
z  JEA;

= Ey |E [maxmaxe iPijz | AH

z  jeEA;

(®) [
< Ey Z E [max e“p“zu

LjEA;

EAi ZFij]-{jeAi}]
i

— Y FyEa [Lgeay]
J

= ) FP(jeA)
j

J

where (a) follows from (4.21), (b) follows by upper bounding max;e, by > 4., (¢)
follows by probabilistic scheduling where P (5 € A;) = m;;, and Fj; = E [mzaxe ”’W]
We note that the only inequality here is for replacing the maximum by the sum. Since
this term will be inside the logarithm for the mean stall latency, the gap between the

term and its bound becomes additive rather than multiplicative.

Substituting (A.74) in (A.73), we have

E[Tj | < tl (Z% U). (3.23)

Let H;j = Ze | e tildst (=T )Z(E)( t;), where Z( )( t) is defined in equation (4.23).

%]

We note that H;; can be simplified using the geometric series formula as follows.

Lemma 3 Let

e (1 — p)) M () L~ (MJ (ti))Li
IO AT

where ]\Z(tz) = M;(t;)e "7, M;(t;) is given in (4.5), and B;(t;) is gwen in (4.12).
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Proof The proof is provided in Appendix A.3. [ |

Substituting (4.35) in (A.72) and some manipulations, the mean stall duration is

bounded as follows.

Theorem 3.5.1 The mean stall duration time for file © is bounded by

t;

j=1

for any t; >0, p; => . mi; NL; (ﬁj + O%), p; <1, and
J
Bjt;

r aje Ly .
ZlewfjAf( e ) —(Aj+ 1) <0, V).

Proof The proof is provided in Appendix A .4. [ |

Note that Theorem A.19.1 above holds only in the range of ¢; when t,—A; (B;(t;) — 1) >
Bt \ L
0 which reduces to > %, mpi); (aje ) T (Aj+1t) <0,Vi,j4, and aj — t; > 0.

aj—t;

Further, the server utilization p; must be less than 1 for stability of the system.

We note that for the scenario, where the files are downloaded rather than streamed,
a metric of interest is the mean download time. This is a special case of our approach
when the number of segments of each video is one, or L; = 1. Thus, the mean
download time of the file follows as a special case of Theorem A.19.1. We note
that the authors of [22,23] gave an upper bound for mean file download time using
probabilistic scheduling. However, the bound in this work is different since we use
moment generating function based bound. The two bounds are compared in Section

5.6, and the bounds in this work are shown to outperform those in [22,23].

3.6 Stall Duration Tail Probability

The stall duration tail probability of a file i is defined as the probability that the
stall duration tail '™ is greater than (or equal) to x. Since evaluating Pr (F(i) > x)
in closed-form is hard [22-27], we derive an upper bound on the stall duration tail

probability considering Probabilistic Scheduling as follows.
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—~
=

Pr (10 > z) @ py (T}L” > +ds+ (Li — 1) T)

— Pr (T}Li’ > z) (3.26)

where (a) follows from (A.72) and T = x + ds + (L; — 1) 7. Then,

Pr <TZ.(LZ') > f) O pr <max maxpm > :U

z

- E,4 1

iDij
ez max maxpzjz>:p

© E4, . |max 1
i,Pijz JEA; (maxp”z>$ (327)

S EAi7pijz Z]EAz (maxpwz

2% By { —— ]

= Z]. mi; P (max Dijz > T x
where (b) follows from (4.21), (c) follows as both max over z and max over A; are
discrete indicies (quantities) and do not depend on other so they can be exchanged,
(d) follows by replacing the max by »_ , , (e) follows from probabilistic scheduling.

Using Markov Lemma, we get

P (mzzxx Dijz > f) < = (3.28)
We further simplify to get
]E |:€ti (mgx pi]z>:|
P (max Dijz = w) < —
et
E [max e ’pW}
- oliT
) L
= etijf (3.29)

where (f) follows from (A.3). Substituting (3.29) in (3.27), we get the stall dura-
tion tail probability as described in the following theorem (details are provided in

Appendix A.5).
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Theorem 3.6.1 The stall distribution tail probability for video file i is bounded by

Z i (14 e tildetTamD7) ) (3.30)

- eti:p
J

forany t;, >0, p; = ZZ TigNiLi <5y ) <1,
Bjts L
D1 TiAS <%—_t> T (Aj +1t;) <0, V4,7, and H;; is given by (4.42).

We note that for the scenario, where the files are downloaded rather than streamed,
a metric of interest is the latency tail probability which is the probability that the file
download latency is greater than x. This is a special case of our approach when the
number of segments of each video is one, or L; = 1. Thus, the latency tail probability
of the file follows as a special case of Theorem 3.6.1. In this special case, the result

reduces to that in [29].

3.7 Optimization Problem Formulation and Proposed Algorithm
3.7.1 Problem Formulation

Let # = (m;Vi = 1,---,randj = 1,--- ,m), § = (51,52,...,S,), and t =
(?17?2, bt T, ) Note that the values of ¢;’s used for mean stall duration
and the stall duration tail probability can be different and the parameters ¢ and &
indicate these parameters for the two cases, respectively. We wish to minimize the two
proposed QoE metrics over the choice of scheduling and access decisions. Since this is
a multi-objective optimization, the objective can be modeled as a convex combination
of the two QoE metrics.

Let A = 3. \; be the total arrival rate. Then, \;/\ is the ratio of video i requests.
The first objective is the minimization of the mean stall duration, averaged over all the
file requests, and is given as ), % E [F(i)}. The second objective is the minimization

of stall duration tail probability, averaged over all the file requests, and is given as

> % Pr (F(i) > IL‘) Using the expressions for the mean stall duration and the stall
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duration tail probability in Sections A.19 and 3.6, respectively, optimization of a

convex combination of the two QoE metrics can be formulated as follows.

min Z % [9 %log (i Tij <1 + }N[U>>
i i j=1

+ (1 . 0) Z ﬂ;j (1 + e*fi(der(Lifl)T) H”>]

— eliT
J

~ e

WD (1 — ) ~

s.t. Hz‘j =

ti— N (Bj(t:) — 1)

Q’LJ )

e (1 — )

ij —

ti— Ay (Bi(t) —1) °7

- TN
[ (- (m@)")
Qij = — = )

1 — M;(t;)

- R
[ (- ()"
Qi': —~ ’

! 1 — M;(t:)
M =
Oéj—t
gy [(agelit\ T
B(t) = o
=3 (&)
— (Bj—T)t
Mj(t) = 25 :
O./j—t
Ly ogeft\
B = M (2)
= M a;

(3.31)

(3.32)

(3.33)

(3.34)

(3.35)

(3.36)

(3.37)

(3.38)

(3.39)

(3.40)
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A]’ = )\fﬂ'f’j \V/j (341)
f=1

Sy = ki (3.42)

j=1

7Ti,j:0 if j ¢ S; T € [O, 1] 3.43

0<t;<ajVj 3.45

O<fi<0zj,Vj

o e e e e
w
e~
(@]

N N N N N~ N~

o (e%—ﬂ@ _ 1) +1 <0,V 3.47
a (ewﬁﬁi . 1) 1T <0,V 3.48

d ajePit b
dompd | = (A +h) <0,Vi,j (3.49)
=1 O[j — tz

r 7 Ly

aePiti - .

Z?Tfj)\f 7 - (AJ + ti) < 0, VZ,] (350)
=1 A
var. m,t, S (3.51)

Here, 6 € [0,1] is a trade-off factor that determines the relative significance of
mean and tail probability of the stall durations in the minimization problem. Varying
0 = 0to # = 1, the solution for (4.45) spans the solutions that minimize the mean stall
duration to ones that minimize the stall duration tail probability. Note that constraint
(4.48) gives the load intensity of server j. Constraint (4.49) gives the aggregate arrival
rate A; for each node for the given probabilistic scheduling probabilities ;; and arrival
rates \;. Constraints (4.51)-(3.44) guarantees that the scheduling probabilities are
feasible. Constraints (3.45)-(4.57) ensure that ]\A/[/j(t) exist for each t; and #;. Finally,
Constraints (3.49)-(4.58) ensure that the moment generating function given in (4.23)
exists. We note that the the optimization over 7 helps decrease the objective function
and gives significant flexibility over choosing the lowest-queue servers for accessing
the files. The placement of the video files S helps separate the highly accessed files

on different servers thus reducing the objective. Finally, the optimization over the
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auxiliary variables t gives a tighter bound on the objective function. We note that the
QokE for file ¢ is weighed by the arrival rate ); in the formulation. However, general
weights can be easily incorporated for weighted fairness or differentiated services.
Note that the proposed optimization problem is a mixed integer non-convex opti-
mization as we have the placement over n servers and the constraints (3.49) and (4.58)
are non-convex in (7r,t). We also note the placement may be decided for multiple
aggregation VMs simultaneously and may not be a parameter for single aggregation
VM. In that case, the proposed algorithm can still be used without an optimization
over the placement of video files. In the next subsection, we will describe the proposed

algorithm.

3.7.2 Proposed Algorithm

The joint mean-tail stall duration optimization problem given in (4.45)-(4.59) is
optimized over three set of variables: scheduling probabilities 7r, auxiliary parameters
t, and chunk placement &. Since the problem is non-convex, we propose an iterative
algorithm to solve the problem. The proposed algorithm divides the problem into
three subproblems that optimize one variable fixing the remaining two. The three
sub-problems are labeled as (i) Access Optimization optimizes 7 for given S and ¢, (ii)
Auxiliary Variables Optimization optimizes ¢ for given 7 and &, and (iii) Placement

Optimization optimizes S for given 7 and t. This algorithm is summarized as follows.

1. Initilization: Initialize ¢, S, and 7 in the feasible set.
2. While Objective Converge

(a) Run Access Optimization using current values of & and t to get new values

of

(b) Run Auxiliary Variables Optimization using current values of & and 7 to

get new values of ¢
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(¢) Run Placement Optimization using current values of 7 and t to get new

values of & and 7.

We first initialize S;, m;; and ¢; V ¢,j such that the choice is feasible for the
problem. Then, we do alternating minimization over the three sub-problems defined
above. We will describe the three sub-problems along with the proposed solutions
for the sub-problems in Appendix A.6. Each of the three sub-problems are solved by
iNner cOnVex Approximation (NOVA) algorithm proposed in [57], and is guaranteed
to converge to a stationary point. Since each sub-problem converges (decreasing) and

the overall problem is bounded from below, we have the following result.

Theorem 3.7.1 The proposed algorithm converges to a stationary point.

3.8 Numerical Results

In this section, we evaluate our proposed algorithm for optimization of mean and
tail probability of stall duration and show the effect of the trade-off of parameter 6.
We first study the two extremes where only either mean stall duration objective or
tail stall duration probability is considered. Then, we show the tradeoff between the

two QoE metrics based on the trade-off parameter 6.

Table 3.1.: Storage Node Parameters Used in our Simulation (Shift § = 10msec and

rate « in 1/s)

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6

aj | 18.2298 | 24.0552 | 11.8750 | 17.0526 | 26.1912 | 23.9059

Node 7 Node 8 Node 9 Node 10 Node 11 Node 12
aj | 27.006 | 21.3812 | 9.9106 24.9589 26.5288 21.8067




38

3.8.1 Numerical Setup

We simulate our algorithm in a distributed storage system of m = 12 distributed
nodes, where each video file uses an (10, 4) erasure code. These parameters were cho-
sen in [23] in the experiments using Tahoe testbed. Further, (10,4) erasure code is
used in HDFS-RAID in Facebook [61] and Microsoft [6]. Unless otherwise explicitly
stated, we consider r = 1000 files, whose sizes are generated based on Pareto distri-
bution [62] with shape factor of 2 and scale of 300, respectively. We note that the
Pareto distribution is considered as it has been widely used in existing literature [63]
to model video files, and file-size distribution over networks. We also assume that
the chunk service time follows a shifted-exponential distribution with rate «; and
shift 3;, whose values are shown in Table I, which are generated at random and kept
fixed for the experiments ( Recall that this distribution has been validated in real
experiments demonstrated in realistic systems [23,24]). Unless explicitly stated, the
arrival rate for the first 500 files is 0.002s~* while for the next 500 files is set to be
0.003s~!. Chunk size 7 is set to be equal to 4 s. When generating video files, the sizes
of the video file sizes are rounded up to the multiple of 4 sec. We note that a high
load scenario is considered for the numerical results. In practice, the load will not
be that high. However, higher load helps demonstrate the significant improvement in
performance as compared to the lightly loaded scenarios where there are almost no
stalls. In order to initialize our algorithm, we use a random placement of files on all
the servers. Further, we set m;; = k/n on the placed servers with ¢; = 0.01 Vi and
J € S;. However, these choices of m;; and t; may not be feasible. Thus, we modify the
initialization of 7 to be closest norm feasible solution given above values of & and ¢.

We compare our proposed approach with five strategies:

1. Random Placement, Optimized Access (RP-OA): In this strategy, the placement
is chosen at random where any n out of m servers are chosen for each file, where

each choice is equally likely. Given the random placement, the variables t and
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7 are optimized using the Algorithm in Section 5.5.2, where S-optimization is

not performed.

. Optimized Placement, Projected Equal Access (OP-PEA): The strategy utilizes
7, t and S as mentioned in the setup. Then, alternating optimization over

placement and t are performed using the proposed algorithm.

. Random Placement, Projected Equal Access (RP-PEA): In this strategy, the
placement is chosen at random where any n out of m servers are chosen for each
file, where each choice is equally likely. Further, we set m;; = k/n on the placed
servers with ¢; = 0.01 Vi and j € S;. We then modify the initialization of =
to be closest norm feasible solution given above values of & and t. Finally, an

optimization over ¢ is performed to the objective using Algorithm (4).

. OP-PSP (Optimized Placement-Projected Service-Rate Proportional Allocation)
Policy: The joint request scheduler chooses the access probabilities to be pro-

This

portional to the service rates of the storage nodes, ie., m; = k; Z/j jﬂj.
policy assigns servers proportional to their service rates. These access probabil-
ities are projected toward feasible region for a uniformly random placed files to
ensure stability of the storage system. With these fixed access probabilities, the

weighted mean stall duration and stall duration tail probability are optimized

over the t, and placement S.

. RP-PSP (Random Placement-PSP) Policy: As compared to the OP-PSP Policy,
the chunks are placed uniformly at random. The weighted mean stall duration
and stall duration tail probability are optimized over the choice of auxiliary

variables t.

3.8.2 Mean Download Time Comparison

We note that when the number of segments, L;, the mean stall duration is

the same as the mean download time of the file. Further, the bounds in this
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work are different from those given in [22,23] even though both the works use
probabilistic scheduling. We will now compare our proposed upper-bound on
download time of a file with the upper-bound given in [22,23]. The comparison
can be seen in Figure 3.4, where the above service time distributions are used
at the servers. We observe that our bound performs better for all values of
arrival rate (), and the relative performance increases with the arrival rate.
For instance, our bound is 30% lower than that given in [22, 23] when the

arrival rate equals 0.8 x \.

3.8.3 Mean Stall Duration optimization

In this subsection, we focus only on minimizing the mean stall duration of all files

by setting 6 = 1, i.e., stall duration tail probability is not considered.

Convergence of the Proposed Algorithm

Figure 4.3 shows the convergence of our proposed algorithm, which alternatively
optimizes the mean stall duration of all files over scheduling probabilities 7, auxiliary
variables ¢, and placement 8. We notice that for » = 1000 video files of size 600 sec
with m = 12 storage nodes, the mean stall duration converges to the optimal value

within less than 700 iterations.

Effect of Arrival Rate and Video Length

Figure 3.6 shows the effect of different video arrival rates on the mean stall du-
ration for different-size video length.The different size uses the Pareto-distributed
lengths described above. We compare our proposed algorithm with the five baseline
policies and we see that the proposed algorithm outperforms all baseline strategies
for the QoE metric of mean stall duration. Thus, both access and placement of files

are both important for the reduction of mean stall duration. Further, we see that the



41

mean stall duration increases with arrival rates, as expected. Since the mean stall du-
ration is more significant at high arrival rates, we notice a significant improvement in
mean stall duration by about 60% ( approximately 700s to about 250s) at the highest
arrival rate in Figure 3.6 as compared to the random placement and projected equal
access policy. In Figure A.7, Appendix A.9, we studied the effect of increasing the

arrival rate when the video-sizes are equal with mean of 600 sec.

3.8.4 Stall Duration Tail Probability Optimization

In this subsection, we consider minimizing the stall duration tail probability,

P (T > z), by setting 6 = 0 in (4.45).

Decrease of Stall Duration Tail Probability with x

Figure 3.7 shows the decay of weighted stall duration tail probability with respect
to x (in seconds) for the proposed and the baseline strategies. In order to signify
(magnify) the small differences, we plot y-axis in logarithmic scale. We observe that
the proposed algorithm gives orders improvement in the stall duration tail probabili-

ties as compared to the baseline strategies.

Effect of the number of video files

Figure 3.8 demonstrates the effect of increase of the number of video files ( from
200 files to 1200 files whose sizes are defined based on Pareto) on the stall duration
tail probability. The stall duration tail probability increases with the number of
video files, and the proposed algorithm manages to significantly improve the QoE as

compared to the considered baselines.
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3.8.5 Tradeoff between mean stall duration and stall duration tail prob-

ability

If the mean stall duration decreases, intuitively the stall duration tail probability
also reduces. Thus, a question arises whether the optimal point for decreasing the
mean stall duration and the stall duration tail probability is the same. We answer
the question in negative since for r = 1000 of equal sizes of length 300 sec, we find
that at the values of (7, §) that optimize the mean stall duration, the stall duration
tail probability is 12 times higher as compared to the optimal stall duration tail
probability. Similarly, the optimal mean stall duration is 30% lower as compared to
the mean stall duration at the value of (7, &) that optimizes the stall duration tail
probability. Thus, an efficient tradeoff point between the QoE metrics can be chosen

based on the point on the curve that is appropriate for the clients.

3.9 Chapter Conclusion

This work considers video streaming over cloud where the content is erasure-coded
on the distributed servers. Two QoE metrics related to the stall duration, mean stall
duration and stall duration tail probability are characterized with upper bounds. The
download and play times of each video segment are characterized to evaluate the QoE
metrics. An optimization problem that optimizes the convex combination of the two
QoE metrics for the choice of placement and access of contents from the servers is
formulated. Efficient algorithm is proposed to solve the optimization problem and
the numerical results depict the improved performance of the algorithm as compared

to the considered baselines.
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4. STALL-QUALITY TRADEOFF IN VIDEO
STREAMING OVER DISTRIBUTED STORAGE
SYSTEMS

4.1 Introduction

Cloud computing has changed the way many Internet services are provided and
operated. Video-on-Demand (VoD) providers are increasingly moving their streaming
services, data storage, and encoding software to cloud service providers [64,65]. With
the annual growth of global video streaming at a rate of 18.3% [1], cloud-based video
has become an imperative feature of any successful business. For example, IBM
estimates cloud-based video will be a $105 billion market opportunity by 2019 [2].
In this chapter, we will give a novel approach to an optimized cloud-based-video
streaming.

Since the computing has been growing exponentially [58], the computation of
decoding will not limit the latencies in delay sensitive video streaming and the net-
working latency will govern the system designs. The key advantage of erasure coding
is that it reduces storage cost while providing similar reliability as replicated sys-
tems [3,4], and thus has now been widely adopted by companies like Facebook [5],
Microsoft [6], and Google [7]. Further, we note that replication is a special case of era-
sure coding. Thus, the proposed research using erasure-coded content on the servers
can also be used when the content is replicated on the servers.

In cloud-based-video, the users are connected to an edge router, which fetch the
contents from the distributed storage servers (as depicted in Fig. 4.1). Multiple
parallel streams (PSs) between a server and the edge router are considered, which
provides the ability to get multiple streams simultaneously. We assume that the

connection between users and edge router is not limited. However, our analysis can
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be easily generalized to accommodate the last hop between edge-routes and users.
Unlike the case of file download, the later video-chunks do not have to be downloaded
as fast as possible to improve the QoE and thus multiple parallel streams help achieve
better QoE. This is because later chunks can be downloaded while earlier chunks are
streamed. The key QoE metrics for video streaming are the duration of stalls at the
clients and the streamed average video quality. Every viewer can relate the QoE for
watching videos to the stall duration and is thus one of the key focus in the studied
streaming algorithms [54,66]. The average quality of the streamed video is another
important QoE metric.

The key challenge in quantification stall duration is the choice of scheduling strat-
egy to choose the storage servers for each request, as well as the parallel streams
from the chosen servers. For a single video-chunk and single quality videos, the
problem is equivalent to minimizing the download latency Minimizing file download
time rather than stall duration follows as a special case of our framework since the
stall duration of a single-chunk video is the same as the download time. However,
for more than one chunk video, stall duration do not follow from the file download
time. This problem of file download is an open problem, since the optimal strategy
of choosing these k servers (when file is erasure coded with parameters (n, k)) would
need a Markov approach similar to that in [26] which suffers from a state explosion
problem. Further, the choice of video quality makes the problem challenging since
the selection of video quality would also depend on the current queue states. The
authors of [22,23] proposed a probabilistic scheduling method for file request schedul-
ing, where each possibility of k servers is chosen with a certain probability that can
be optimized. In this work, we extend this scheduling approach, in the video con-
text, to a two-stage probabilistic scheduling which chooses k servers and one of the
parallel streams from each of these k£ servers. Further, the choice of video quality is
chosen independent of the scheduling and is chosen by a discrete probabilistic distri-
bution. Thus, the proposed scheduling and quality assignment do not account for the

current queue state making the approach manageable for analysis. In addition, our
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scheduling techniques can assign different weights for different video files (to reflect
their importance/popularity) to further prioritize some videos over the other, hence
improving the overall QoE metrics.

The data chunk transfer time in practical systems follows a shifted exponential
distribution [23,24] which motivates the choice that the service time distribution for
each video server is a shifted exponential distribution. Further, the request arrival
rates for each video is assumed to be Poisson. The video segments are encoded using
an (n, k) erasure code and the coded segments are placed on n different servers. When
a video file is requested, the segments need to be served from £ out of n servers as
well as one of the parallel streams from each of the k servers. Using the two-stage
probabilistic scheduling and probabilistic quality assignment, the random variables
corresponding to the download times of different video segments from each server are
characterized. By using ordered statistics over the k parallel streams (one from each
of the chosen k servers), the random variables corresponding to the playback time of
each video segment are obtained. These are then used to find a bound on the mean
stall duration. Moment generating functions of the ordered statistics of different
random variables are used in the bound. We note that the problem of finding latency
for file download is very different from the video stall duration for streaming. This is
because the stall duration accounts for download time of each video segment rather
than only the download time of the last video segment. Moreover, in video streaming,
the download time of segments are correlated since the chunks download times from
a server are in sequence and the playback time of a video segment both depend on:
the playback time of the last segment and the download time of the current segment.
Taking these dependencies into account, this chapter characterizes the bound on the
mean stall duration and provides experimental results to show the tightness of this
bound.

In this chapter, a convex combination of mean stall duration and average video
quality is optimized over the choice of two-stage probabilistic scheduling, video quality

assignment, bandwidth allocation among different parallel streams, and the auxiliary
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variables in the bounds. Changing the convex combination parameter gives a tradeoff
between the mean stall duration and the average video quality. An efficient algorithm
is proposed to solve this non-convex problem. The proposed algorithm performs an
alternating optimization over the different parameters, where each sub-problem is
shown to have convex constraints and thus can be efficiently solved using iNner c¢On-
Vex Approximation (NOVA) algorithm proposed in [57]. The proposed algorithm is
shown to converge to a stationary point. Based on the offline algorithm, an online
version of the algorithm is further developed. Evaluation results demonstrate signifi-
cant improvement of QoE metrics as compared to the considered baselines and some
queue-based online algorithms, e.g., [48], [46], and [47]. The key contributions of our

work in this chapter are summarized as follows.

e This chapter proposes a two-stage probabilistic scheduling for the choice of
servers and the parallel streams. Further, the video quality is chosen using a

discrete probability distribution.

e Two-stage probabilistic scheduling and quality assignment are used to find the
distribution of the (random) download time of a chunk of each video segment
from a parallel stream. Using ordered statistics, the random variable corre-
sponding to the playback time of each video segment is characterized. This is

further used to give bounds on the mean stall duration.

e The QoE metrics of mean stall duration and average video quality are used to
formulate an optimization problem over the two-stage probabilistic scheduling
access policy, probabilistic quality assignment, the bandwidth allocation weights
among the different streams, and the auxiliary bound parameters which are
related to the moment generating function. FEfficient iterative solutions with
low time complexity are provided for these optimization problems. Based on

the offline policy, an online algorithm is proposed.

e The experimental results validate our theoretical analysis and demonstrate the

efficacy of our proposed algorithm. Further, numerical results show that the
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proposed algorithms converge within a few iterations. In addition, the QoE
metrics are shown to have significant improvements as compared to the consid-
ered baselines and some queue-based policies. Even for the minimum stall point,
the proposed algorithm gets better quality than the lowest quality. The tradeoff
between stalls and quality can be used by the service provider to effectively find

an operating point.

4.2 Chapter Organization

The remainder of this chapter is organized as follows. Section 4.3 presents the
system model used in this chapter with a description of video streaming over cloud
storage. Section 4.4 derives expressions for the download and play times of the chunks.
Section 4.6 formulates the QoE optimization problem as a weighted combination of
the two QoE metrics and proposes the iterative algorithmic solution of this problem.
Numerical results are provided in Section 4.8. Section 4.8 concludes this chapter with

pointing out to the key observations.

4.3 System Model

In this section, we describe the system model and the video encoding parameters.

Then, we explain the two-stage probabilistic scheduling and the queuing model.

4.3.1 System Description

We consider a distributed storage system consisting of m heterogeneous servers
(also called storage nodes), denoted by M = 1,2,--- 'm. Each server j can be
split into d; virtual outgoing parallel streams (queues) to the edge router, where
the server bandwidth is split among all d; parallel streams (PSs). This is depicted
in Fig. 4.1. The reason of having d; PSs is to serve d; video files simultaneously

from a server thus helping one file not to have files wait for the previous long video
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Fig. 4.1.: An Illustration of a distributed storage system equipped with m = 4 nodes.

Storage server j has d; streams to the edge router.
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Fig. 4.2.: A schematic illustrates video fragmentation and erasure-coding processes.
Video 7 is composed of L; segments. Each segment is partitioned into k; chunks and
then encoded using an (n;, k;) MDS code. The quality index is omitted in the figure

for simplicity.

files. This is a key difference for video streaming as compared to file download since
the deadline for the later video chunks are late thus motivating prioritizing earlier
chunks. This parallelization helps download multiple files in parallel which also delays
the finishing of download of the last chunks of multiple requests. Multiple users are
connected to edge-router, where we assume that the connection between user and
edge router is infinite and thus only consider the links from the server to the edge
router. Thus, we can consider edge router as an aggregation of multiple users. Let
{ij].,Vj =1,--- muy;=1,--- dj} be a set of d; non-negative weights representing
the split of bandwidth at server j on the d; PSs. The weights satisfy Zijle Wy, <
1Vj. The sum of weights at all PSs can be smaller than 1, representing that the
bandwidth may not be completely utilized. By optimizing w;,,, the server bandwidth
can be efficiently split among different PSs. Optimizing these weights help avoid

bandwidth under-utilization and congestion, for example, assigning larger bandwidth

to heavy workload PSs can help reduce mean stall duration.
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Each video file i, where ¢ = 1,2, .- ,r, is divided into L; equal segments, each of
length 7 seconds. We assume that each video file is encoded to different qualities, i.e.,
¢ e€{1,2,---,V}, where V are the number of possible choices for the quality level'.
The L; segments of video file 7 at quality ¢ are denoted as G ¢1, -+ , G, o.,. Then, each
segment G, foru € {1,2,...,L;} and £ € {1,2,--- ,V} is partitioned into k; fixed-
size chunks and then encoded using an (n;, k;) Maximum Distance Separable (MDS)
erasure code to generate n, distinct chunks for each segment G,,,. These coded
(R O(ni)

chunks are denoted as C. P

i s , The encoding setup is illustrated in Figure

4.2. The encoded chunks for all quality levels are stored on the disks of n; distinct
storage nodes. The storage nodes chosen for quality level ¢ are represented by a set

Si(é), such that SZ-(Z) C M and n; = |8

. |. BEach server z € Si(e) stores all the chunks

C’i(,%?u for all u and for some ¢. In other words, n; servers store the entire content, where
a server stores coded chunk ¢ for all the video-chunks for some g or does not store
any chunk. We will use a probabilistic quality assignment strategy, where a chunk
of quality ¢ of size a, is requested with probability b;, for all £ € {1,2,--- ,V}. We
further assume all the chunks of the video are fetched at the same quality level. The
decision variable of choosing the quality takes into account the network’s congestion,
link capacity and video weights/popularities. Note that k; = 1 indicates that the

video file 7 is replicated n; times.

4.3.2 Two-stage Probabilistic Scheduling

In order to serve the incoming request at the edge router, the video can be recon-
structed from the video chunks from any subset of k;-out-of-n; servers. Further, we
need to assign one of the d; PSs for each server j that is selected. We assume that

files at each PS are served in order of the request in a FIFO policy. However, the

'While a constant bitrate (quality) is assumed for each video i, our algorithm will first determine
whether the downloading of the highest resolution/quality can be supported by the link capacity
(resources) with an acceptable downloading delay and/or stalls. If yes, the video would be down-
loaded and played at the highest quality; otherwise, it would consider a further optimization for the
video content with the next lower bitrate/quality.
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proposed framework and the scheduling policies remain applicable for other queuing
disciplines as long as the waiting time in the queue is characterized (see reference [67]
for priority queuing based models). Further, the different video chunks in a video are
processed in order. In order to select the different PSs for video ¢ and quality ¢, the
request goes to a set A" = {(j, vj) 1 j € Si(e),l/j e {1,---,d;}}, with ‘Al@‘ =k
and for every (j,v;) and (k,vy) in Ay), j # k. Here, the choice of j represents the
server to choose and v; represents the PS selected. From each choice (j,v;) € .AEE),
all chunks C’i(fgu for all w and the value of g corresponding to that placed on server
J are requested from PS v;. The choice of optimal scheduling strategy, or set AZ@
is an open problem. In this part, we extend the probabilistic scheduling proposed
in [22,23] to two-stage probabilistic scheduling. The two-stage probabilistic schedul-

ing chooses every possible subset of k;-out-of-n; nodes with certain probability, and
()

for every chosen node j, chooses 1-out-of-d; PSs with certain probability. Let i j; 18
the probability of requesting file ¢ from the PS v; that belongs to server j for quality

level ¢. Thus, 9 s given by

1,7,Vj

7T(f) ©, (0) (4.1)

ijw; = i Pjv;s

where qz(? is the probability of choosing server j and pg-i), is the probability of choosing
PS v; at server j. Following [22,23], it can be seen that the two-stage probabilistic

scheduling gives feasible probabilities for choosing k;-out-of n; nodes and one-out-of-

d; PSs if and only if there exists conditional probabilities qf? € [0,1] and pgezj € [0,1]
satisfying
S qf) =k Vi and ¢f)=0 if j¢87, (4.2)
=1
and
dj
dpl) =1 v (4.3)

vj=1
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4.3.3 Queueing Model

We now describe a queuing model of the distributed storage system. We assume
that the arrival of requests at the edge router for each video ¢ form an independent
Poisson process with a known rate \;. Using the two stage probabilistic scheduling
and the quality assignment probability distribution, the arrival of file requests at PS

v; at node j forms a Poisson Process with rate A;,, = ., Aiwgﬁ{wbi,g which is the
O

superposition of rd; Poisson processes each with rate \;m; 7
J B2

;0. We assume that the
chunk service time for each coded chunk C’ﬂ)u at PS v; of server j, X](Qj, follows a

shifted exponential distribution as has been demonstrated in realistic systems [23,24]

and is given by the probability distribution function f;f,)j (x), which is

—a® (p_pg®
o alen ) s g
70 (0) = - (4.4
0, r < Bjyyj
where BJ(?J represents the shift of quality ¢ at server j and PS v;, while ag-i),j represents

the rate of the exponential random part of a video streamed at quality ¢ if it is

streamed from server j and PS v;. We note that exponential distribution is a special
14

©
case with 51(?] = 0. Let M J(ZV)J (t)=E {etxj’”i} be the moment generating function of

X J(?J whose quality is . Then, M ](ZV)] (t) is given as

Oé(f) (£)
. jvl/j ﬂj,u-t
ot ¢

J,Vj

t <ol (4.5)

ijj

Note that the value of ﬁ;?g increases in proportion to the chunk size, and the value

of Ozfl),j decreases in proportion to the chunk size in the shifted-exponential service

O

time distribution. Further, the rate o is proportional to the assigned bandwidth

j:yj
wj,,;. More formally, the parameters afgj and B;Qj are given as
o _ o
o, = QWi fa, B, = Bia, (4.6)

where a; and f8; are constant service time parameters when a, = 1 and the entire
bandwidth is allocated to one PS. Since BJ(ZV)J mainly represents the read time and

other processing times, we assume that all PSs have the same value of BJ(?J
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We note that the arrival rates are given for video files, and the service rate above
is provided in terms of the coded chunks at each server. Also, the client plays the
video segment after all the k; chunks for the segment have been downloaded and the
previous segment has been played. We also assume that there is a start-up delay of d;
(in seconds) for the video which is the duration in which the content for the first chunk
can be buffered but not played. This part will characterize the mean stall duration

using two-stage probabilistic scheduling and probabilistic quality assignment.

4.4 Download and Play Times of the Chunks

In this section, we derive the expressions for download and play times. In order
to understand the stall duration, we need first to get the download time of different
coded chunks. Then, the play time of the different segments of the video can be

obtained accordingly.

4.4.1 Download Times of the Chunks from each Server

In this subsection, we will quantify the download time of chunk for video file ¢
from server j which has chunks C’l(gg)u for all w = 1,---L;. The download of C’Z(%)u
consists of two components - the waiting time of the video files in the queue of the
PS before file i request and the service time of all chunks of video file i up to the g**
chunk. Let W;, be the random variable corresponding to the waiting time of all the
video files in queue of PS v; at server j before file 7 request and Yj(’if) be the (random)
service time of coded chunk g for file 7 with quality ¢ from PS v; at server j. Then,

the (random) download time for coded chunk w € {1,---,L;} for file i at PS v; at

server j € AEZ), DS}’Z), is given as

1,7,Vj

[ v,
D) =W, + Y Y0 (4.7)
v=1

We will now find the distribution of Wj, . We note that this is the waiting time

for the video files whose arrival rate is given as Aj,yj = /\ibi7g7l'§?7yj. In order to
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find the waiting time, we would need to find the service time statistics of the video
files. Note that f;f,)j (x) gives the service time distribution of only a chunk and not of
the video files.

Video file i of quality ¢ consists of L; coded chunks at PS v; at server j (j € SZ»(Z)).
The total service time for video file ¢ with quality ¢ at PS v; at server j if requested

from server j, ST s given as

1,5,V5°

T V] Z Y, ﬁf . (4.8)

The service time of the video files is given as

(€) )‘sz
Rj., = {STM v, ~ with probability J—Z Vi, 4, j, v (4.9)
vy
since the service time is STZ G when file 7 is requested at quality ¢ from PS v; from

server j. Let R;,, (s) = E[e *%*] be the Laplace-Stieltjes Transform of R;, V-

Lemma 4 The Laplace-Stieltjes Transform of R;,., R;,,(s) = E [e_sm”ﬂ} is given

as

Aibi o al’ eiﬂf(ejs B
7.7 VJ j:Vj
R 33 g (10
J i=1 (=1 Oég-’gj +s
Proof
" 1 » ®
R = 53 P g o)
i=1 (=1 J”J
r Vv L; (1,0
-3y )
i=1 ¢=1 J"J
r orY b a0y L
ST ([ ()
i=1 =1 v
O i
I W(EJ) Albzg (6) e Bj’uj
. 1,7,V » j vj
Cyoy T )
i=1 (=1 Vs QT8
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Note that the service times of chunks are independent. Since we have L; chunks
for video file i, the MGF of the service time of video file i is the product of the MGF

of chunk service times, as shown in (4.11).

Corollary 2 The moment generating function for the service time of video files when

requested from server j and PS v;, B;, (t), is given as

‘ L;
(0) Bt

v
vj o ',1/-6
Bju,( Z ”’ ) X (4.12)
i=1 =1 Njw, @, —t
Joranyt >0, and t < ;.
Proof This corollary follows from (4.10) by setting t = —s. u

The server utilization for the video files at PS v; of server j is given as p;,, =

A, E[R;,,]. Since E [R;,,] = B, (0), using Lemma 4, we have

r \%
_ () ) 1
Piv; = Z Zﬂi,j,yj Aibio L (ﬁjw + Oé(_£)> : (4.13)
=1

i=1 (= v

Having characterized the service time distribution of the video files via a Laplace-
Stieltjes Transform R;,,(s), the Laplace-Stieltjes Transform of the waiting time W,
can be characterized using Pollaczek-Khinchine formula for M/G/1 queues [59], since
the request pattern is Poisson and the service time is general distributed. Thus, the

Laplace-Stieltjes Transform of the waiting time ;. is given as

E [G‘SWL”J’] = - pj,,,]._)s (4.14)
S — Aj,l/j (1 - ij”j(8)>

By characterizing the Laplace-Stieltjes Transform of the waiting time 1, and
knowmg the distribution of Y}, M) , the Laplace-Stieltjes Transform of the download

(u, .
time DZ Jw, 1S given as

0 B,
] v
sD(u v (1 - pj,uj) S aj 1/] J

Ele "] = L
[ ] S — Aj,l/j (1 — Rj,,,j (S)) (E) —|— S

(4.15)
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We note that the expression above holds only in the range of s when s—A;,, (1 — R;,,(s)) >

0

0 and a;,jj + s > 0. Further, the server utilization p;,, must be less than 1. The

(u,0)

overall download time of all the chunks for the segment G;, ¢ at the client, D; ", is

given by

D(u,é)

)

= max DY, (4.16)
(jvuj )EAl b

4.4.2 Play Time of Each Video Segment

Let Ti(u’z) be the time at which the segment G, is played (started) at the client.
The startup delay of the video is d;. Then, the first segment can be played at the
maximum of the time the first segment can be downloaded and the startup delay.

Thus,

[ 7

79— max (ds, D‘“’))_ (4.17)

For 1 < u < L;, the play time of segment u of file 7 is given by the maximum of the
time it takes to download the segment and the time at which the previous segment is
played plus the time to play a segment (7 seconds). Thus, the play time of segment

u of file 7, Ti(u’g) can be expressed as

7

T‘(u,f) = max (E(U_LZ) + 7, Dz(u?E)> : (418)

Equation (4.18) gives a recursive equation, which can yield

7Y = max <T-(Li_1’£)+7 D(Li’£)>
(Li_17€)

= max (TZ.(LFM) + 27, D; +7, D(L"’e)>

(2

— max (fj,l,,,j,,g, tax DI 4 (L — 2+ 1)7') (4.19)
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where
)
d5+(L1_1)T ,Z:]_
Fizwit = . (4.20)
fj;’Z)JF(Li—ZﬂLl)T ,2<2<(Li+1)
Since DE"’Z) = maxgli) JeA® Df?g from (4.16), TZ.(L“Z) can be written as
IV)EA; e

TEA — fid% ma Fizvot). 4.21
v z:lX (j,uj)EX.Ai ( G J7£) ( )

We next give the moment generating function of Fj ., , that will be used in the

calculations of the mean stall duration in the next section.

Lemma 5 The moment generating function for Fj ., ¢, is given as

L Hdet(Li~1)7) a=1
E [e hewpt] = (4.22)
et(Li—i_l_z)TZD(z—l,e) (t) 2<z<IL;+1

i,j,uj
where
e u
N P LA )

Z u. t :Ee L —
by () = Bl = B ) = 1)

(4.23)

Proof This follows by substituting ¢ = —s in (4.15) and B;,, (t;) is given by (4.12)
and M J(?J (t;) is given by (4.5). This expression holds when #; — A, (Bj7,,j (t;) — 1) >0
and t; < 0Vj,v;, since the moment generating function does not exist if the above do

not hold. [ ]

Ideally, the last segment should have started played by time ds + (L; — 1)7. The

difference between TZ-(L“E) and ds + (L; — 1)T gives the stall duration. We note that

)

is not the download time of the last segment, but the play time of the last
segment and accounts for the download of all the L; segments. This is a key difference

as compared to the file download since the download time of each segment of the
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video has to be accounted for computing stall duration. Also, note that the stalls
may occur before any segment. This difference will give the sum of durations of all
the stall periods before any segment. Thus, the stall duration for the request of video

file ¢ of quality ¢, i.e., 9 is given as

r0 — pLed _ g _ (L; — D). (4.24)

)

In the next section, we will use this stall time to determine the bound on the mean

stall duration of the streamed video.

4.5 Mean Stall Duration

In this section, we will provide a bound on the mean stall duration for a file i. We
will find the bound by two-stage probabilistic scheduling and since this scheduling is
one feasible strategy, the obtained bound is an upper bound to the optimal strategy.

Using (4.24), the expected stall time for file i is given as follows

)

E[1¢9) = E |1 —d, (L~ 1)7|

7

- E [T.(Li’@] —dy— (Li—1)7 (4.25)

Exact evaluation for the play time of segment L; is hard due to the dependencies
between F; .., random variables for different values of j, v, z, and ¢, where z €
(1,2,....,L; + 1) and (j,v;) € .AZ(E). Hence, we derive an upper-bound on the playtime

of the segment L; as follows. Using Jensen’s inequality [60], we have for ¢; > 0,
(£4,6) .
JE|T L; 0
[ <E [etiTi( )} . (4.26)

Thus, finding an upper bound on the moment generating function for Ti(Li’é) can

lead to an upper bound on the mean stall duration. Thus, we will now bound the

i .

moment generating function for
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(L:0) a =
E[et"Ti }(:) max max el it (4.27)
7 Gupeal”
= E, o |E|max max etifj’z“’j"ﬂAgz) (4.28)
¢ L z (]7”])6/41([)
(b)
< EAZ@) Z E [mzaxetifj'z”’i"} (4.29)
| Gw)eAl”
= E,u > Fijuad {Gwy)ea®) (4.30)
VEZ)) ]
— Z Fmvyj,g ]EAEZ) |:1{(j,uj)e.42(.e)} (4.31)
(4:v4) -
= S FiuP <(j, V) € Agf)) (4.32)
(j’l’j)
) o
(c [
2 3N Fuemd, (4.33)
j=1 v;=1

where (a) follows from (4.21), (b) follows by upper bounding max,. ..« by > . ),
(]71}])6-’41' (J?VJ)E“A'L
(¢) follows by two-stage probabilistic scheduling where P <( J.vj) € A§€)> = ﬂf?}yj, and
Fijue A E [max et’fi’z*”ﬂ‘*‘z] . Recall that this choice is feasible as illustrated in [22,23].
We note that the only inequality here is for replacing the maximum by the sum. Since

this term will be inside the logarithm for the mean stall latency, the gap between the

term and its bound becomes additive rather than multiplicative.
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To use the bound (A.74), F; ;,, ¢ needs to be bounded too. Thus, an upper bound

on Fj;,. ¢ is calculated as follows.

‘F zZ, Vs
Eyijj =K [maxe R Z]

(d)
< SB[

e L o L;—z+1)T a0 z—1
(—_) t'(d +( ’71)7—) SL Y ti( ' 1) ( pjﬂ/j) i ‘gi)/] tZﬁj’U]'

e 1\Us Lz I t 0

2=2 ‘ j’l/j ( j’l/j (tz) ) afgj tz

®
L; (. ) B,
i ptilLi—v)T (1 _ pj,yj) £ ag,z),j@ ivj

ti — Aj,l/j (Bj,Vj (tz) — 1) 04(.6) — tz

Vg

(L) eti(ds+(Li=1)T) + (434)

v=1
where (d) follows by bounding the maximum by the sum, (e) follows from (4.22), and

(f) follows by substituting v = z — 1.
Substituting (A.74) in (A.73), we have

m  dj
1
B[] < fog | 33" w0, Fuie |- (4.39

=1 v;=1
Further, substituting the bounds (A.3) and (4.35) in (A.72), the mean stall dura-

tion is bounded as follows.

i i\ds i—1)T L; i(Li—v)T vl
E[160] < dog (S5, S0y nlf,, (etrhatn) 530 etthmor) 700 (1)
—(ds +(Li =1)7))

m d; ¢ . yr —v)T vl
= %log (Zj:l ZV;:I W'g,j‘),uj <6t2(ds+(L ) + Z t (Li Z(Di,j?uj- (tz))
—%log (eti(ds+(Li—l)T))

m d; 4 v—1)7 vl
= %lOg (Zj:l Zyj:l ﬂ-z(,j),uj ( + qu 1 e d + Y )Zl()”)u (tl)) ) (436>

J

50 v
a9 ¢ tiBy, WV

(v,0) N A (1 Pj.v; )t Bj,v; (ts) v ©
where Z;, i (ti) = -y J(BJ » (tl)_l) o
Let Hiju, 0 = Sk e—ti<ds+<v—1>7>zﬁ§;ﬁ?% (t;), which is the inner summation in

(4.36). H;j,, e can be simplified using the geometric series formula to obtain
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© \ v
L; —ti(ds+(v=1)7) (1 _ ;. t. (‘)) tlﬂjv”j
(& v % Vj
Hi w0 = Z (L= o) j(e) (4.37)
v=1 ti — Aj?l/j (ijl’j (t:) — 1) QO — t
etids (1 — )t Li a9 etiﬁﬁj ’
_ Piwi) i ST euteor —J’(”é (4.38)
tl A]7Vj (B‘%yj (tl) - ].) v=1 ijyyj tz
) ) 89
eftz(ds*T) 1 o .V' tl Lz O{(él)let 2.V
_ (L=piv)ti [ e X (4.39)
ti — Njo, (Bj,z/j (ti) — 1) 1 o, — ti
B8O g\ Y
_ T (L pi) i e (4.40)
ti — Njo, (Bjo, (t:) — 1) — a%}] L .
0 L
G Ul T LN BYIC PR - ()
= X iU i (&
ti — Ny, (Bja, (t) — 1) Bi 1= M) (t)et
(4.41)
_ _ L
© 0 !
—t;(ds—7) (1 —p V_) M, V](ti) (1 (MJ v (h)) )
- i 5 (4.42)
ti A] vj (BJ vj (tz) 1) 1 Mj,l/ (tz)
where
~( ¢ —tir
M](yu)j (ti) = M;,Jj (ti)e h, (4.43)

M@),(ti) is given in (4.5), and Bj,,(t;) is given in (4.12).

IV

Theorem 4.5.1 The mean stall duration time for file i streamed with quality ¢ is

bounded by

E [P69] < Liog NS w, (14 Hijuy) (4.44)

for any t; > 0, pjﬂ,jzz ”V)\bsz (B( + 1>> Piv; <1, and

(¢
© v

r 1% 4 Qv € .
S S A | P | = (Mg, 1) <0, Vi

]VJ
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Note that Theorem above holds only in the range of ¢; when ti—Aj,Vj (Bj,yj (t;) — 1) >

0 which reduces to

' L
0] *ﬂﬂjfi !

1% V4 a',u,- ..
29:1 D oie ﬂ](c}’l/j Abro | = Oj(l) — — (Ajyyj + ti) <0, Vi, j,v;, and aj,, —t; > 0.

Jwvi Tt

Further, the server utilization p;,, must be less than 1 for stability of the system.

4.6 Optimization Problem Formulation and Proposed Algorithm

We are now ready to formulate the joint stall-quality optimization problem and

explain the proposed algorithm to efficiently solve it.

4.6.1 Problem Formulation

Letq= (¢}, Yi=1,....,r,j=1, ml=1...V),b= (b Vi=1-- rl=
L, V),w= (wj7yj, Vi=1,--- muj=1,-- ,dj),
p= (pﬁj, Vi=1,--- m,v;=1---d;j,l=1,--- ,V), and t = (ty,t9, -+ ,t.). We
wish to minimize the two proposed QoE metrics over the choice of two-stage proba-
bilistic scheduling parameters, bandwidth allocation, probability of the quality of the
streamed video and auxiliary variables. Since this is a multi-objective optimization,
the objective can be modeled as a convex combination of the two QoE metrics.

Let A = >, \; be the total arrival rate of file i. Then, A;/X is the ratio of video
1 requests. The first objective is the minimization of the mean stall duration, aver-
aged over all the file requests, and is given as ZM )\T E [FW)}. The second objective
is maximizing the streamed quality of all video requests, averaged over all the file
requests, and is given as ZM %Libi’gag. Using the expressions for the mean stall
duration in Section A.19 and the average streamed quality, optimization of a convex

combination of the two QoE metrics can be formulated as follows.
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T 14
min Z;— [9 (Z _bi,ZLiCM) +(1-0)x ]
Z _1 08 Z Z quﬁzl L+ Hijue) (4.45)

¢ j=1v;=1
subject to: (4.46)
(4.42), (4.43), (4.5), (4.12), (4.13), (A.12), (4.6),  (4.47)
Piw; <1 Vj,u; (4.48)
r \%
0 (¢t ,
Aj,yj = Afbfquz(,j)p;,zj Vj, Vj (449)
f=1 =1
> ) =k Vi (4.50)
j=1
g.)=0 if j ¢ S q) € [0,1] (4.51)
Zp] L ) >0, Vi,u;,L, (4.52)
Zbi,g =1,biy >0, Vi, l (4.53)
¢
0 S w]"Vj S 1, \V/], Vj (454)
ijvyj <1, Vj, (4.55)
0<t; <ozjV,Vz J. 0, v; (4.56)
(0 —7)t; ..
aj(ﬁj (e(ﬁj’”i i _ 1) +1; <0,Vi,j,v;,¢ (4.57)

) L
" © St

’ © Y
ZZQ pjybfz)\f W -

f=1 ¢=1 3,V ti
(Aju, + ;) <0, Vi, j,v; (4.58)
var. q,t,b,w,p (4.59)

Here, 0 € [0, 1] is a trade-off factor that determines the relative significance of the
mean stall duration and the average streamed quality in the minimization problem.

Varying # = 0 to 6 = 1, the solution for (4.45) spans the solutions that maximize
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the video quality to those minimizing the mean stall duration. The equations (4.42),
(4.43), (4.5), (4.12), (4.13), (A.12), and (4.6) give the terms in the objective function.
The constraint (4.48) indicates that the load intensity of server j is less than 1.
Equation (4.49) gives the aggregate arrival rate A; for each node. Constraints (4.51),
(4.51), and (4.52) guarantee that the two-stage scheduling probabilities are feasible.
Constraint (4.53) guarantees that the quality assignment probabilities are feasible
and (4.55) is for bandwidth splitting among different streams. Constraints (4.56),
(4.57), and (4.58) ensure that ]\Z(t) and the moment generating function given in
(4.23) exist. In the next subsection, we will describe the proposed algorithm for this

optimization problem.

4.6.2 Proposed Algorithm

The mean stall duration optimization problem given in (4.45)-(4.59) is optimized
over five set of variables: server scheduling probabilities g, PS selection probabilities p,
auxiliary parameters ¢, video quality parameters b, and bandwidth allocation weights
w. We first note that the problem is non-convex in all the parameters jointly, which
can be easily seen in the terms which are product of the different variables. Since the
problem is non-convex, we propose an iterative algorithm to solve the problem. The
proposed algorithm divides the problem into five sub-problems (i.e., convex problems
and thus easy to solve with low complexity) that optimize one variable while fixing the
remaining four. The five sub-problems are labeled as (i) Server Access Optimization:
optimizes g, for given p, t, b and w, (ii) PS Selection Optimization: optimizes p, for
given g, t, b and w, (iii) Auxiliary Variables Optimization: optimizes ¢ for given q,
p, b and w, and (iv) Video Quality Optimization: optimizes b for given gq, p, ¢, and
w, and (v) Bandwidth Allocation Optimization: optimizes w for given g, p, ¢, and

b. The algorithm is summarized as follows.
1. Initialization: Initialize ¢, b, w, p, and q in the feasible set.

2. While Objective Converges
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(a) Run Server Access Optimization using current values of p, t, b, and w to

get new values of g

(b) Run PS Selection Optimization using current values of q, ¢, b, and w to

get new values of p

(¢) Run Auxiliary Variables Optimization using current values of g, p, b, and

w to get new values of t

(d) Run Streamed Quality Optimization using current values of g, p, t, and

w to get new values of b.

(e) Run Bandwidth Allocation Optimization using current values of q, p, t,

and b to get new values of w.

We next describe the five sub-problems along with the proposed solutions for the

sub-problems.

Server Access Optimization

Given the probability distribution of the streamed video quality, the bandwidth
allocation weights, the PS selection probabilities, and the auxiliary variables, this
subproblem can be written as follows.

Input: ¢, b, p, and w

Objective: min (4.45)

s.t. (4.48), (4.49), (4.51), (4.51), (4.58)
var. q

In order to solve this problem, we have used iNner cOnVex Approximation (NOVA)
algorithm proposed in [57] to solve this sub-problem. The key idea for this algorithm is
that the non-convex objective function is replaced by suitable convex approximations
at which convergence to a stationary solution of the original non-convex optimization
is established. NOVA solves the approximated function efficiently and maintains fea-

sibility in each iteration. The objective function can be approximated by a convex
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one (e.g., proximal gradient-like approximation) such that the first order properties
are preserved [57], and this convex approximation can be used in NOVA algorithm.

Let /Uvq (g; @) be the convex approximation at iterate g¥ to the original non-convex
problem U (q), where U (q) is given by (4.45). Then, a valid choice of &;(q; q”) is
the first order approximation of U (q), e.g., (proximal) gradient-like approximation,
ie.,

Ui(a:a") = VaU (@) (a—a) + 2 lla— "I (4.60)
where 7, is a regularization parameter. Note that all the constraints (4.48), (4.49),
(4.51), (4.51), and (4.58) are linear in g; ;. The NOVA Algorithm for optimizing q is
described in Algorithm 3 (given in Appendix A.6). Using the convex approximation
ﬁ; (g; q"), the minimization steps in Algorithm 3 are convex, with linear constraints
and thus can be solved using a projected gradient descent algorithm with low com-
plexity and small timing overhead. A step-size () is also used in the update of the
iterate ¢”. Note that the iterates {q(”)} generated by the algorithm are all feasible
for the original problem and, further, convergence is guaranteed, as shown in [57] and
described in lemma 21.

In order to use NOVA, there are some assumptions (given in [57]) that have to be
satisfied in both original function and its approximation. These assumptions can be
classified into two categories. The first category is the set of conditions that ensure
that the original problem and its constraints are continuously differentiable on the
domain of the function, which are satisfied in our problem. The second category is
the set of conditions that ensures that the approximation of the original problem is
uniformly strongly convex on the domain of the function. The latter set of conditions
are also satisfied as the chosen function is strongly convex and its domain is also
convex. To see this, we need to show that the constraints (4.48), (4.49), (4.51),
(4.51), (4.58) form a convex set in q which is easy to see from the linearity of the
constraints in q. Further details on the assumptions and function approximation can

be found in [57]. Therefore, the following result holds.
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Lemma 6 For fixed b, p, w, and t, the optimization of our problem over q generates
a sequence of decreasing objective values and therefore is guaranteed to converge to a

stationary point.

Auxiliary Variables Optimization

Given the probability distribution of the streamed video quality, the bandwidth
allocation weights, the PS selection probabilitites and the server scheduling probabil-
ities, this subproblem can be written as follows.

Input: q, p, b, and w

Objective: min (4.45)

s.t. (4.56), (4.57), (4.58)
var.

Similar to Access Optimization, this optimization can be solved using NOVA
algorithm. The constraint (4.56) is linear in t. Further, the next two Lemmas show

that the constraints (4.57) and (4.58) are convex in ¢, respectively.
Lemma 7 The constraint (4.57) is convex with respect to t.

Proof The constraint (4.57) is separable for each ¢; and thus it is enough to prove
convexity of C(t) = ajy, <e<ﬁj’”ﬂ'_7)t — 1) + t. Thus, it is enough to prove that
c’"(t) > 0.

The first derivative of C(t) is given as

C'(t) = gy ((Bjay = 7) ™) 41 (461)

Differentiating it again, we get the second derivative as follows.
1" o 2 (ﬁ-y.fr)t
C"(t) = ajy, (Bj, — 1) e\ (4.62)

Since a;,,, > 0, C"(t) given in (A.9) is non-negative, which proves the Lemma. ®

Lemma 8 The constraint (4.58) is convex with respect to t.
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Proof The constraint (4.58) is separable for each t;, and thus it is enough to prove

convexity of

o ‘eﬁj,yjt Ly
B(t) =3 TrjuArbrea (]a”j—_t> — (A, + 1) fort < aj,,. Thus, it is enough
Wy

to prove that E”(t) > 0 for t < a;,,. We further note that it is enough to prove that

LB, t
D"(t) > 0, where D(t) = = d 7+ This follows since

(O‘jyl’j —t)

L ﬂ',uvt -1
Lye™rmmi [@}Vj + (ajvl’j - t) }

D (t) = >0
(O‘J?Vj t) !
1/B8j,v
" Lf/BJ’VJ eLfB] Vjt [/BJ’VJ + Oéljj"l_’JLit <1 + O‘J/Iij _Jt)]
D <t) = Ly+2 2 0
(aj7'/] - t)

Algorithm 4 (given in Appendix A.6) shows the used procedure to solve for t.
Let U (t;¢¥) be the convex approximation at iterate ¢ to the original non-convex
problem U (t), where U () is given by (4.45), assuming other parameters constant.
Then, a valid choice of U (t;t*) is the first order approximation of U (), i.e.,

Ut t") = VU @) (t—t") + % 1t — || (4.63)

where 7; is a regularization parameter. The detailed steps can be seen in Algorithm
4. Since all the constraints (4.56), (4.57), and (4.58) have been shown to be convex in
t, the optimization problem in Step 1 of Algorithm 4 can be solved by the standard

projected gradient descent algorithm.

Lemma 9 For fixed q, b, w, and p, the optimization of our problem overt generates
a sequence of monotonically decreasing objective values and therefore is guaranteed to

converge to a stationary point.

Streamed Video Quality Optimization

Given the auxiliary variables, the bandwidth allocation weights, the PS selection
probabilities, and the scheduling probabilities, this subproblem can be written as

follows.
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Input: q, p, t, and w

Objective: min (4.45)

s.t. (4.48), (4.49), (4.53), (4.58)
var. b

Similar to the aforementioned two Optimization problems, this optimization can
be solved using NOVA algorithm. The constraints (4.48), (4.49), (4.53), and (4.58)
are linear in b, and hence, form a convex domain.

Algorithm 5 (given in Appendix A.6) shows the used procedure to solve for b.
Let U, (b; b”) be the convex approximation at iterate b” to the original non-convex
problem U (b), where U (b) is given by (4.45), assuming other parameters constant.
Then, a valid choice of Uy, (b; b”) is the first order approximation of U (b), i.e.,

Uy (b,b) = VU ()T (b — b”) + % 1b— || (4.64)

where 7; is a regularization parameter. The detailed steps can be seen in Algorithm
5. Since all the constraints have been shown to be convex in b, the optimization
problem in Step 1 of Algorithm 5 can be solved by the standard projected gradient

descent algorithm.

Lemma 10 For fized t, w, p, and q, the optimization of our problem over b gener-
ates a sequence of monotonically decreasing objective values and therefore is guaran-

teed to converge to a stationary point.

Bandwidth Allocation Weights Optimization

Given the auxiliary variables, the streamed video quality probabilities, the PS se-
lection probabilities, and the scheduling probabilities, this subproblem can be written
as follows.

Input: q, p, t, and b

Objective: min (4.45)

s.t. (4.48), (4.54), (4.55), (4.58)
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var. w

This optimization problem can be solved using NOVA algorithm. It is easy to
notice that the constraints (4.54) and (4.55) are linear and thus convex with respect
to b. Further, the next two Lemmas show that the constraints (4.48) and (4.58) are

convex in w, respectively.
Lemma 11 The constraint (4.48) is convex with respect to w.

Proof Since there is no coupling between the subscripts j, ¢, and v; in (4.48), we
remove the subscripts in the rest of the proof. Moreover, since « is linear in w, it
is enough to prove the convexity with respect to . Also, the constraint (4.48) is
separable for each o and thus it is enough to prove convexity of C}(a) = 1/a. It is

easy to show that the second derivative of C;(«) with respect to « is given by

(4.65)

Since o > 0, C, () given in (4.65) is non-negative, which proves the Lemma. M

Lemma 12 The constraint (4.58) is convex with respect to w.

Proof The constraint (4.58) is separable for each af, , and thus it is enough to

Jwso

prove convexity of
¢ L
0) eﬁj(',u-t !

Ei(a jyj) Zf 1Z£ | JV] Arbyry aja?,)—t — (Aj,yj +t) for t < aﬁj. Since
i

there is only a single index j, v;, and ¢ here, we ignore the subscripts and superscripts

for the rest of this proof. Thus, it is enough to prove that E(«) > 0 for t < a. We

further note that it is enough to prove that Df(a) > 0, where D;(a) = (1 — é)_Li.

This holds since,

’ _LZ Xt (6 Letl

Di(a) = 3 (a — t) (4.66)
” Lz X t « Litl 0% (Ll + 1)

D = — 24— >0 4.67
1) =" (Oé—t> { " o —t }_ (467)
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Algorithm 5 (given in Appendix A.17) shows the used procedure to solve for w.
Let U, (w;w") be the convex approximation at iterate w” to the original non-convex
problem U (w), where U (w) is given by (4.45), assuming other parameters constant.

Then, a valid choice of U, (w;w") is the first order approximation of U (w), i.e.,
T Tw 2
Up (w,w”) = VU (w”)" (w —w”) + 5 |lw —w”|”. (4.68)

where 7; is a regularization parameter. The detailed steps can be seen in Algorithm
5. Since all the constraints have been shown to be convex, the optimization problem
in Step 1 of Algorithm 5 can be solved by the standard projected gradient descent
algorithm.

Lemma 13 For fixed q, p, t, and b, the optimization of our problem over w gener-
ates a sequence of decreasing objective values and therefore is guaranteed to converge

to a stationary point.

PS Selection Probabilities

Given the auxiliary variables, the bandwidth allocation weights, the streamed
video quality probabilities, and the scheduling probabilities, this subproblem can be
written as follows.

Input: q, b, t, and w

Objective: min (4.45)

s.t. (4.48), (4.49), (4.52), (4.58),
var. p

This optimization can be solved using NOVA algorithm. The constraints (4.48),
(4.49), (4.52), and (4.58) are linear in p, and hence, the domain is convex.

Algorithm 6 (given in Appendix A.17) shows the used procedure to solve for p.

Let U, (p; p¥) be the convex approximation at iterate p* to the original non-convex
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problem U (p), where U (p) is given by (4.45), assuming other parameters constant.
Then, a valid choice of U, (p; p) is the first order approximation of U (p), i.e.,

_
Uy, (p,p*) = VU (p*)" (p— p*) + o llp = vII”. (4.69)

where 7, is a regularization parameter. The detailed steps can be seen in Algorithm
6. Since all the constraints have been shown to be convex in p, the optimization
problem in Step 1 of Algorithm 6 can be solved by the standard projected gradient

descent algorithm.

Lemma 14 For fixed t, w, b, and q, the optimization of our problem over p gener-
ates a sequence of monotonically decreasing objective values and therefore is guaran-

teed to converge to a stationary point.

Proposed Algorithm Convergence

We first initialize qf?, pﬁj, wjy,;, ti and b g, V' 1, 7, v;, £ such that the choice is feasi-

ble for the problem. Then, we do alternating minimization over the five sub-problems
defined above. Since each sub-problem converges (decreasing) and the overall problem

is bounded from below, we have the following result.

Theorem 4.6.1 The proposed algorithm converges to a stationary solution.

4.6.3 Online Algorithm

While our proposed algorithm is optimized for an offline scenario, an online version
of this algorithm can be derived according to the stationary scheduling probabilities
and optimized probabilities. The arrival rates A; can be estimated based on a window
based method. In this setting, a window size of AW is chosen, and the decisions in
a window are based on the estimated arrival rates from the preceding window. Using

these estimated arrival rates, the solution for the optimization problem in (4.45) gives



75

the optimal offline parameters (i.e., two-stage scheduling probabilities and quality de-
cisions). According to these stationary scheduling probabilities, a randomized online

policy can be obtained.

4.6.4 Time Complexity of the Offline Algorithm

In this section, we explain the time complexity of both online and offline algo-
rithms. In the offline version, we solve in an alternative manner five sub-problems.
Each problem is a approximated by a convex one. We use NOVA [57] to solve every
sub-problem, which has been shown to converge in a few iterations. In addition,
the objective function is separable with respect to the index i (i.e., video file index)
and thus every request for video file ¢ can be solved in parallel with other requests.
Hence, solving the objective function can be parallelized which significantly results
in reducing the overall complexity.

It can be seen that while providing an approximate solution on the original problem,
our algorithm needs only a few iterations to converge to a stationary point which
translates into a good scalability (see Figure 5.7 for further details). We note that
an overhead is incurred every time we solve the offline problem at the central con-
troller. However, this optimization can be performed in the off-peak hours. The time
and optimization overhead depend on the service provider capabilities and how much
overhead the system can handle. For the online algorithm, the optimization is per-
formed offline and based on the optimized parameters, a stationary online policy is
obtained. Thus, there is O(1) complexity for the online problem, given the solution

to the offline problem.

4.7 Numerical Results

In this section, we evaluate our proposed algorithms for joint optimization of the

mean stall duration and the average streamed video quality.
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4.7.1 Parameter Setup

We simulate our algorithm in a distributed storage system of m = 12 distributed
nodes, where each video file uses an (7,4) erasure code. However, our model can be
used for any given number of storage servers and for any erasure coding setting. We
assume d; = 20 (unless otherwise explicitly stated) and r = 1000 files, whose sizes
are generated based on Pareto distribution [62] (as it is a commonly used distribution
for file sizes [63]) with shape factor of 2 and scale of 300, respectively. Since we
assume that the video file sizes are not heavy-tailed, the first 1000 file-sizes that are
less than 120 minutes are chosen. We also assume that the chunk service time follows
a shifted-exponential distribution with rate ag-g) and shift BJ@, given as (4.6). The
value of f5;a; is chosen to be 10 ms, while the value of a;/a; is chosen as in Table
5.1 (the parameters of «;/a; were chosen using a distribution, and kept fixed for
the experiments). Unless explicitly stated, the arrival rate for the first 500 files is
0.002s™1 while for the next 500 files is set to be 0.003s~!. Chunk size 7 is set to
be equal to 4 seconds (s). When generating video files, the size of each video file is
rounded up to the multiple of 4 seconds. The values of a, for the 4 second chunk are
given in Table 4.2, where the numbers have been taken from the dataset in [68]. We

use a random placement of each file on 7 out of the 12 servers. In order to initialize
(0)

i?j -

p(-i),j = 1/d;. Further, we choose t; = 0.01, by = 1/V, and w;,, = 1/d;. However,

our algorithm, we assume uniform scheduling, ¢ k/n on the placed servers and

these choices of the initial parameters may not be feasible. Thus, we modify the

parameter initialization to be closest norm feasible solutions.

Table 4.1.: The value of a;j/a; used in the Numerical Results, where the units are 1/s.

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6

18.238 24.062 11.950 17.053 26.191 23.906

Node 7 Node 8 Node 9 Node 10 Node 11  Node 12

27.006 21.381 9.910 24.959 26.529 23.807
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Table 4.2.: Data Size (per Mb) of the different quality levels.

|1 2 3 4 ) 6
ag | 6|11 ]19.2 | 31.2 | 41 | 56.2

4.7.2 Baselines

We compare our proposed approach with six strategies, which are described as

follows.

1. Projected Equal Access, Optimized Quality Probabilities, Auxiliary variables and
Bandwidth Wights (PEA-QTB): Starting with the initial solution mentioned
above, the problem in (4.45) is optimized over the choice of ¢, b, w, and p using
alternating minimization. Thus, the value of qgé) will be approximately close to
k/n for the servers on which the content is placed, indicating equal access of

the k-out-of-n servers.

2. Projected Equal Bandwidth, Optimized Quality Probabilities, Auxiliary variables
and Server Access (PEB-QTA): Starting with the initial solution mentioned
above, the problem in (4.45) is optimized over the choice of g, t, b, and p
(using Algorithms 3, 4, 5, and 6, respectively) using alternating minimization.

Thus, the bandwidth split w;,, will be approximately 1/d;.

3. Projected Equal Quality, Optimized Bandwidth Wights, Auziliary variables and
Server Access (PEQ-BTA): Starting with the initial solution mentioned above,
the problem in (4.45) is optimized over the choice of g, ¢, w, and p using alter-

nating minimization. Thus, the quality assignment, b; , will be approximately

V.

4. Projected Proportional Service-Rate, Optimized Quality, Auxiliary variables and

Bandwidth Wights (PSP-QTB): In the initialization, the access probabilities
©

among the servers on which file 7 is placed, is given as qf? = kl#’ Vi, g, L.
7270
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This policy assigns servers proportional to their service rates. The choice of all
parameters are then modified to the closest norm feasible solution. Using this
initialization, the problem in (4.45) is optimized over the choice of ¢, b, w, and

p using alternating minimization.

5. Projected Lowest Quality, Optimized Bandwidth Wights, Auxiliary variables and
Server Access (PLQ-BTA): In this strategy, we set b;; = land b;, =0, V/ # 1
in the initialization thus choosing the lowest quality for all videos. Then, this
choice is projected to the closest norm feasible solution. Using this initialization,
the problem in (4.45) is optimized over the choice of g, ¢, w, and p using

alternating minimization.

6. Projected Highest Quality, Optimized Bandwidth Wights, Auziliary variables
and Server Access (PHQ-BTA ): In this strategy, we set b; s = land b;, = 0, V{ #
6 in the initialization thus choosing the highest quality for all videos. Then,
this choice is projected to the closest norm feasible solution. Using this initial-
ization, the problem in (4.45) is optimized over the choice of g, ¢, w, and p

(using Algorithms 3, 4, 5, and 6, respectively) using alternating minimization.

Regarding the online mode, we compare our algorithm with three policies as de-

scribed below:

1. Join Shortest Queue (JSQ) Policy [46]: In this policy, the video requests are
assigned to the servers/PSs that have the lowest queue(s). All other parameters
are optimized in the same manner as of our proposed policy. For detailed

treatment of this policy, interested reader can refer to [46].

2. Least Load-d LL(d) Policy [47]: This policy works akin to a water-filling ap-
proach, where a set of d servers are chosen uniformly at random and then re-
quests are assigned to the k& < d servers that have the lowest (remaining) loads
(or processing times) among those selected servers. Interested reader can refer
to [47] for further details. Note that also all other parameters are optimized in

the same manner as of our proposed policy.
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Fig. 4.3.: Convergence of mean stall duration.

3. Power-of-d Pow(d) Policy [48]: In this policy, a set of d servers are chosen
uniformly at random and then video file requests are assigned to the server (or
servers) that has the lowest queue/queues among those selected servers. In-
detail description for this strategy can be found in [48]. Similar to the previous

two policies, the other four parameters are optimized as of our proposed policy.

4.7.3 Results

In this subsection, we set # = 1074, i.e., prioritizing stall minimization over quality
enhancement. We note that the average quality numbers are orders of magnitude
higher (since the quality term in (4.45) is proportional to the video length) than
the mean stall duration and thus to bring the two to a comparable scale, the choice
of @ = 107 is small. This choice of # is motivated since users prefer not seeing
interruptions more than seeing better quality. In this section, we will consider the
average quality definition as Average Quality = ZM %ﬁbuw. We note that
the maximum average quality is bounded by ag = 56.2. The division by the sum of
lengths is used as a normalization so that the numbers in the figures can be interpreted

better.
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Convergence of the Proposed Algorithm

Figure 4.3 shows the convergence of our proposed algorithm, where we see the

convergence of mean stall duration in about 2000 iterations.

Effect of Arrival Rate

We assume the arrival rate of all the files the same, and vary the arrival rates
as depicted in Figures 4.4 and 4.5. These figures show the effect of different video
arrival rates on the mean stall duration and averaged quality, respectively. We note
that PLQ-BTA achieves lowest stalls and lowest quality, since it fetches all videos
at the lowest qualities. Similarly, PHQ-BTA has highest stalls, and highest video
quality since it fetches all videos in the highest possible rate. The proposed algo-
rithm has mean stall duration less than all the algorithms other than PLQ-BTA, and
is very close to PLQ-BTA. Further, the proposed algorithm has the highest video
quality among all algorithms except PHQ-BTA and PEQ-BTA. Thus, the proposed
algorithm helps optimize both the QoEs simultaneously achieving close to the best
possible stall durations and achieving better average video quality than the base-
lines. With the choice of low 6, the stall duration can be made very close to the
stall duration achieved with the lowest quality while the proposed algorithm will still

opportunistically increase quality of certain videos to obtain better average quality.

Effect of Video Length

The effect of having different video lengths on the mean stall duration and average
quality is also captured in Figures 4.6 and 4.7, respectively, where we assume that
all the videos are of the same length. Apparently, the mean stall duration increases
with the video length while the average quality decreases with the video length. The
qualitative comparison of the different algorithms is the same as described in the

case of varying arrival rates. Thus, at # = 107%, the proposed algorithm achieves
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the mean stall duration close to that of PLQ-BTA while achieving significantly bet-
ter quality. For algorithms other than PLQ-BTA, PEQ-BTA, and PHQ-BTA, the

proposed algorithms outperforms all other baselines in both the metrics.

Effect of the Number of the Parallel Streams (d;)

Figure 4.8 plots the average streamed video quality and mean stall duration for
varying number of parallel streams, d;, for our proposed algorithm. We vary the
number of PSs from 10 to 70 with increment step of 10 with § = 10~*. Increasing
d; can only improve performance since some of the bandwidth splits can be zero
thus giving the lower d; solution as one of the possible feasible solution. Increasing
d; thus decreases stall durations by having more parallel streams, while increasing
average quality. We note that for d; < 50, mean stall duration is non-zero and the
stall duration decreases significantly while the average quality increases only slightly.
For d; > 50, the stall duration remains zero and the average video quality increases
significantly with increase in d;. Even though larger d; gives better results, the server
may only be able to handle a limited parallel connections thus limiting the value of

d; in the real systems due to physical limitations.

Tradeoff between mean stall duration and average video quality

The preceding results show a trade off between the mean stall duration and the
average quality of the streamed video. In order to investigate such tradeoff, Figure 4.9
plots the average video quality versus the mean stall duration for different values of
0 ranging from 6 = 107° to # = 10~2. This figure implies that a compromise between
the two QoE metrics can be achieved by our proposed streaming algorithm by setting
0 to an appropriate value. As expected, increasing € will increase the mean stall
duration as there is more priority to maximizing the average video quality. Thus, an
efficient tradeoff point between the QoE metrics can be chosen based on the service

quality level desired by the service provider.
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Appendix A.9 further provides evaluation results for varying the number of servers,
encoding parameters, the time complexity of the algorithm, and the performance of

the online algorithm.

4.8 Chapter Conclusion

In this chapters, a video streaming over cloud is considered where the content is
erasure-coded on the distributed servers. We consider two quality of experience met-
rics to optimize: mean stall duration and average quality of the streamed video. A
two-stage probabilistic scheduling is proposed for the choice of servers and the parallel
streams between the server and the edge router. Using the two-stage probabilistic
scheduling and probabilistic quality assignment for the videos, an upper bound on
the mean stall duration is derived. An optimization problem that minimizes a con-
vex combination of the two QoE metrics is formulated, over the choice of two-stage
probabilistic scheduling, probabilistic quality assignment, bandwidth allocation, and
auxiliary variables. Efficient algorithm is proposed to solve the optimization prob-
lem and the evaluation results depict the improved performance of the algorithm as

compared to the considered baselines.



36

5. MULTI-TIER CACHING ANALYSIS IN CDN-BASED
OTT VIDEO STREAMING SYSTEMS

5.1 Introduction

Over-the-top video streaming, e.g., Netflix and YouTube, has been dominating
the global IP traffic in recent years. The traffic will continue to grow due to the
introduction of even higher resolution video formats such as 4K on the horizon. As
end-users consume video in massive amounts and in an increasing number of ways,
service providers need flexible solutions in place to ensure that they can deliver con-
tent quickly and easily regardless of their customer’s device or location. More than
50% of over-the-top video traffic are now delivered through content distribution net-
works (CDNs) [69]. Even though multiple solutions have been proposed for improving
congestion in the CDN system, managing the ever-increasing traffic requires a fun-
damental understanding of the system and the different design flexibilities (control
knobs) to make the best use of the limited hardware resources. This is the focus of
this work.

The service providers typically use two-tier caching approach to improve the qual-
ity of streaming services [70-72]. In addition to the distributed cache servers provided
by the CDN, the edge router can also have a cache so that some videos could be stored
in this cache and gets the advantage of the proximity to end-users. However, there
are many edge routers which imply that the hot content could be stored at multiple
edge routers. There is an additional cache at the distributed cache servers (in CDN)
from which data can be obtained if not already at the edge router. Such multi-tier
caching is related to fog computing where the caching could be distributed at multiple
locations in the network [71]. We also assume that the edge cache can help provide

advantages similar to multicasting. If another user on the edge router is already con-
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suming the file, the part of the video already downloaded is sent directly to the new
user and the later part is sent to multiple users who requested the content on the
same edge router. This work aims to analyze two-tiered caching in video streaming
systems.

In this work, we consider an architecture of streaming system with a Virtualized
Content Distribution Network (vCDN) [73,74]. The main role of this CDN infrastruc-
ture is not only to provide users with lower response time and higher bandwidth, but
also to distribute the load (especially during peak time) across many edge locations.
The infrastructure consists of a remote datacenter that stores complete original video
data and multiple CDN sites (i.e., distributed cache servers) that only have part of
those data and are equipped with solid state drives (SSDs) for high throughput. In
addition, we assume that a second caching tier is located at the edge routers. A user
request for video content not served from the edge cache is directed to a distributed
cache. If it is still not completely served, the remaining part of the request is directed
to the remote datacenter (as shown in Fig. 5.1). Multiple parallel connections are es-
tablished between the distributed cache server and the edge router, as well as between
the distributed cache servers and the origin server, to support multiple video streams
simultaneously. Our goal is to develop an optimization framework and QoE metrics
that service providers (or infrastructure) could use to answer the following questions:
How to quantify the impact of multi-tier video caching on end user experience? What
is the best video multi-tier caching strategy for CDN? How to optimize QoE metrics
over various “control knobs”? Are there enough benefits to justify the adoption of
proposed solutions in practice?

It has been shown that, in modern cloud applications such as Facebook, Bing, and
Amazon’s retail platform, the long tail of latency is of a major concern, with 99.9th
percentile response times that are, orders of magnitude worse than the mean [11,56].
Thus, this work considers a QoE metric, called the stall duration tail probability
(SDTP), which measures the likelihood of end users suffering a worse-than-expected

stall duration, and develop a holistic optimization framework for minimizing the over-
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all SDTP over joint caching content placement, network resource optimization and
user request scheduling. SDTP, denoted by Pr(I'® > ¢), measures the probability
that the stall duration I' of video i is greater than a pre-defined threshold o. De-
spite resource and load-balancing mechanisms, large scale storage systems evaluations
show that there is a high degree of randomness in delay performance [75]. In contrast
to web object caching and delivery, the video chunks in the latter part of a video do
not have to be downloaded much earlier than their actual play time to maintain the
desired QoE, making SDTP highly dependent on the joint optimization with resource
management and request scheduling in CDN-based video streaming.

Quantifying SDTP with multi-tier cache/storage is an open problem. Even for
single-chunk video files, the problem is equivalent to minimizing the download tail
latency, which is still an open problem [26]. The key challenge arises from the difficulty
of constructing and analyzing a scheduling policy that (optimally) redirects each
request based on dependent system and queueing dynamics (including cache content,
network conditions, request queue status) on the fly. To overcome these challenges,
we propose a novel two-stage, probabilistic scheduling approach, where each request
of video i is (i) processed by cache server j with probability m; ; and (ii) assigned to
video stream v with probability p; ;.. The two-stage, probability scheduling allows
us to model each cache server and video stream as separate queues, and thus, to
characterize the distributions of different video chunks” download time and playback
time. Further, the edge caching policy plays a key role in the system design. This work
proposes an adaption of least-recently-used (LRU) caching mechanism [12,76], where
each file is removed from the edge cache if it has not been requested again for a time
that depends on the edge router and the file index. By optimizing these probabilities
and the edge-cache parameters, we quantify SDTP through a closed-form, tight upper
bound for CDN-based video streaming with arbitrary cache content placement and
network resource allocation. We note that the analysis in this work is fundamentally
different from those for distributed file storage, e.g., [22,23], because the stall duration

of a video relies on the download times of all its chunks, rather than simply the time
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to download the last chunk of a file. Further, since video chunks are downloaded and
played sequentially, the download times and playback times of different video chunks
are highly correlated and thus jointly determine the SDTP metric.

This work proposes a holistic optimization framework for minimizing overall SDTP
in CDN-based video streaming. To the best of our knowledge, this is the first frame-
work for multi-tier caching to jointly consider all key design degrees of freedom, includ-
ing bandwidth allocation among different parallel streams, multi-tier cache content
placement and update, request scheduling, and the modeling variables associated with
the SDTP bound. An efficient algorithm is then proposed to solve this non-convex
optimization problem. In particular, the proposed algorithm performs an alternat-
ing optimization over the different dimensions, such that each sub-problem is shown
to have convex constraints and thus can be efficiently solved using the iNner cOn-
Vex Approximation (NOVA) algorithm proposed in [57]. The proposed algorithm is
implemented in a virtualized cloud system managed by Openstack [77]. The experi-
mental results demonstrate significant improvement of QoE metrics as compared to
the considered baselines.

The main contributions of this chapter can be summarized as follows:

e We propose a novel framework for analyzing CDN-based over-the top video
streaming systems with the use of multiple caching tiers and multiple parallel
streams between nodes. A novel two-stage probabilistic scheduling policy is
proposed to assign each user request to different cache servers and parallel
video streams. Further, the edge router uses an adaptation of LRU, and the

distributed cache servers cache partial files.

e The distribution of (random) download time of different video chunks are an-
alyzed. Then, using ordered statistics, we quantify the playback time of each

video segment.

e Multiple recursive relations are set up to compute the stall duration tail prob-

ability. We first relate the compute of download time of each chunk to the play
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time of each chunk, Since the play time depends not only on download of the
current chunk, but also on the previous chunks. Second, stall duration must
account for whether the file has been requested by anyone within a window time
of a certain size to get advantage of edge cache. If it had been requested, the
stall duration is a function of the time of the last request and the stall duration
at that time. In the steady state analysis, this will lead to a recursion. This
analysis has been used to derive an analytical upper bound on SDTP for arbi-
trary distributed cache content placement, parameters of edge cache, and the

parameters of the two-stage probabilistic scheduling (Appendix A.13).

A holistic optimization framework is developed to optimize a weighted sum of
SDTP of all video files over the request scheduling probabilities, distributed
cache content placement, the bandwidth allocation among different streams,
edge cache parameters, and the modeling parameters in SDTP bound. An effi-
cient algorithm is provided to decouple and solve this non-convex optimization

(Section 5.5).

To better understand the SDTP and how it relates to the QoE of users, we
correlate this metric to a well-known QoE metric (called mean stall duration).
Since the optimal point for the mean stall duration is not the same as that of
the SD'TP, we optimize a convex combination of the two metrics and show how
the two QoE metrics can be compromised based on the point on the curve that

is appropriate for the clients (Appendix A.19).

The algorithm is implemented on a virtualized cloud system managed by Open-
stack. The simulation and trace-based results validate our theoretical analysis
with the implementation and analytical results being close, thus demonstrat-
ing the efficacy of our proposed algorithm. The QoE metric is shown to have

significant improvement as compared to competitive strategies (Appendix 5.6).
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5.2 Chapter Organization

The rest of this chapter is organized as follows. In Section 5.3, we describe the
system model used in the work with a description of CDN-based Over-the-top video
streaming systems. Section 5.4 provides an upper bound on the mean stall dura-
tion. Section 5.5 formulates the QoE optimization problem as a weighted sum of
all SDTP of all files and proposes the iterative algorithmic solution of this problem.

Experimental results are provided in Section 5.6. Section 5.7 concludes this chapter.

5.3 System Model
5.3.1 System Description

We consider a content delivery network as shown in Fig. 5.1, consisting of a
single datacenter that has an origin server, m geographically-distributed cache servers
denoted by 7 = 1,...,m, and edge-cache storage nodes associated with the edge
routers ¢ € {1,2,---, R}, where R is the total number of edge-routers, as depicted
in Figure 5.2. The compute cache servers (also called storage nodes) are located
close to the edge of the network and thus provide lower access latency for end users.
We also assume that each cache server is connected to one edge router. Further,
the connection from the edge router to the users is not considered as a bottleneck.
Thus, the edge router is considered as a combination of users and is the last hop for
our analysis. We also note that the link from the edge router to the end users is
not controlled by the service provider and thus cannot be considered for optimized
resource allocation from the network. The service provider wishes to optimize the
links it controls for efficient quality of experience to the end user.

A set of r video files (denoted by i = 1,...,r) are stored in the datacenter,
where video file ¢ is divided into L; equal-size segments each of length 7 seconds. We

assume that the first L;; chunks of video ¢ are stored on cache server j. Even though
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Fig. 5.1.: An illustration of our system model for video content delivery, consisting
of a datacenter, four cache servers (m = 4), and 2 edge routers. d; and Fj parallel
connections are assumed between datacenter and cache server j, and datacenter and

edge router, respectively.

we consider a fixed cache placement, we note that L, are optimization variables and
can be updated when sufficient arrival rate change is detected.
We assume that the bandwidth between the data center and the cache server j

(service edge router ¢) is split into d; parallel streams, where the streams are denoted
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Fig. 5.2.: A schematic illustrates the parallel streams setup between the different

system model components.

as PS%:? for B; = 1,---,d;. Further, the bandwidth between the cache server j
and the edge router ¢ is divided into f]@ parallel streams, denoted as PSg:Z) for
CJ@ =1,---, fj@, and ¢/ = 1,2,---, R. Multiple parallel streams are assumed for
video streaming since multiple video downloads can happen simultaneously. Since we
care about stall duration, obtaining multiple videos simultaneously is helpful as the
stall durations of multiple videos can be improved. We further assume that fj(g) PSs
are divided into two set of streams d; and e(-g) This setup is captured in Figure 5.2.

The first d; parallel streams are denoted as PSB 1) for ﬁj =1,---,d;, and for all ¢
0 o0

while the remaining e; -,€; . In order

streams are denoted as PS ) for vi=1,-
to consider the splits, PSBM gets {wjﬁj’g, B;=1,. d-} fraction of the bandwidth

from the data center to the cache server j. Similarly, PS gets {w] 5,00 B; =

1,...,d;} fraction of bandwidth from cache server j to the edge router ¢ and PS,’ (e’] )

gets {w]V nVi=1..., eg-e)} fraction of bandwidth from cache server j to the edge

router £. Thus, we have

d; d;

(d) ()
dowis <1 Z wi) o+ Z Wi e < (5.1)
Bi= Bij=1 vi=1

forall g =1,--- mand ¢ = 1,--- , R. We note that the sum of weights may be
less than 1 and some amount of the bandwidth may be wasted. While the optimal
solution will satisfy this with equality since for better utilization, we do not need

to explicitly enforce the equality constraint. We note that if the cache server serves
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multiple edge routers, the parallel streams between cloud storage and cache server
will be the sum of d; to each edge router thus making the problem separated for each
edge router. For ease, we will sometime omit ¢ to focus on links to one edge router
only and the same procedure can be used for each edge router.

We assume that the service time of a segment for data transfer from the data

](f? and a shift of 77](.5?

center to the cache server j is shifted-exponential with rate «
while that between the cache server j and the edge router / is also shifted-exponential
with rate a ) and a shift of 7]] . The shifted exponential distribution can be seen as
an approximation of the realistic service time distribution in the prior works, e.g., [78],
and references therein. We also note that the rate of a parallel stream is proportional
to the bandwidth split. Thus, the service time distribution of PSé psS'® ﬁ , and

d) (d) (d)

PS (e’é) , denoted as ozj( B0 QG800 and o' respectively, and are given as follows.

Jwi o
(@ _ (3 (d)
Qg0 = Wjg 10" (5.2)
(d) (d) (f5) (e) (e) (f5)
3B wj,ﬁj,éaj,fj v Qe = Wi 0 ” (5.3)

for all B;, v;, and £. We further define the moment generating functions of the service

times of P57 PSB 7, and PS,E::X as M](ﬁ) /5 M](; s, and M9 which are defined

Bkt jl/ 2l
as follows.
(d)
(d) 5,85, ¢
Q5 € ¢
(d) o _77Bj7
j?ﬂjvé
= (d>
d) 153,
o e 1Bt
(d . j’ﬁ]7z
Mg = 22—, (5.5)
@0~ 1
(e)
(6) nj,l/j,ft
(© _ Yiwt®
M) = (5.6)
ajﬂjjvg - t

We also assume that there is a start-up delay of ds (in seconds) for the video which

is the duration in which the content can be buffered but not played.
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5.3.2 Edge-cache Model

Edge cache ¢ € {1,2,--- | R}, where R is the total number of edge-routers, stores
the video content closer to end users. This improves the QoE to end users. We
assume a limited cache size at the edge-router (edge-cache) of a maximum capacity
of Cy. seconds, at edge-router £. When a file is requested by the user, the edge cache
is first checked to see if the file is there completely or partly (in case some other user
is watching that content). If the file is not in the edge cache, the space for this video
file is created in the edge cache, and a file or some other video files have to be evicted
so as not to violate the space constraint.

We consider edge cache policy as follows. The file ¢ is removed from edge cache
if it has not been accessed in time w;, after its last request time from edge-router /.
The parameter w;, is a variable that can be optimized based on the file preference
and its placement in the CDN cache. This caching policy is motivated by LRU since
the file is evicted if it has not been used in some time in the past. The key advantages
of this approach is that (i) It is tunable, in the sense that the parameters w;, can be
optimized, and (ii) the performance of the policy is easier to optimize as compared
to LRU. When a file 7 is requested, and someone has already requested from edge
router ¢ in the last w;, time units, the file is obtained from the edge router. Even if
the file may not be completely in the edge-router yet (not yet finished downloading),
the downloaded part is given directly to the new user and the remaining content is
delivered as it becomes available to the edge cache. This is akin to multicasting the
remaining part of the video to multiple users [79].

An illustration of the evolution of caching policy is illustrated in Figure 5.3, where
the index /¢ is omitted since we consider the procedure at a single edge router. Video
file 7 is requested at three times t1, to, and t3. At ¢, the file enters the edge cache.
Since it had not been requested in w; time units, it is evicted. When the file is again
requested at to, the space for the file is reserved in the edge cache. The file, when

requested at t3 is within the w; duration from t, and thus will be served from the
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file i eviction

filei:

t1 titw; to t3 3 + w;

— request for file i
— wWindow end

I_éfile i is evicted from edge-cache
S— window reset

Fig. 5.3.: A schematic showing an example of how a time-line of a file i can change according

to the request pattern of a video file 3.

edge cache. If the file is still not in the edge cache completely, it will obtain the
part already there directly while the remaining part will be streamed as it becomes
available. Since the file 7 was not requested for time w; after 3, the file is again evicted
from the edge cache.

We note that the arrival rate of the files is random. Thus, this file eviction policy
may not satisfy the maximum edge cache constraint at all times. In order to handle
this, we will first assume for the analytical optimization that the probability that the
cache capacity of edge-cache ¢ is violated is bounded by €, which is small. That could
lead us to obtain a rough estimate on the different parameters in the system. The
hard constraint on the capacity can be made in run-time, by evicting the files that
are closest to be going out based on when they were requested and the corresponding

wi¢. This online adaptation will be explained in Appendix A.20.

5.3.3 Queueing Model and Two-stage probabilistic scheduling

If cache server j is chosen for accessing video file i on edge router ¢, the first

0)

L;; chunks are obtained from one of the eg- parallel streams PS,(/‘;%) Further, the

remaining L; — L;; chunks are obtained from the data center where a choice of 3;
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is made from 1,---,d; and the chunks are obtained from the stream PSg_l’j ) which
after being served from this queue is enqueued in the queue for the stream PSgi%).
However, if video file 7 is already requested at time ¢; within a window of size w;, the
request will be served from the edge-cache and will not be sent to a higher level in
the hierarchy, e.g., cache server.

We assume that the arrival of requests at the edge router ¢ for each video ¢ form
an independent Poisson process with a known rate A; ;. In order to serve the request
for file 4, we need to choose three things - (i) Selection of Cache server j, (ii) Selection
of v; to determine one of PSI(,::X streams to deliver cached content, (iii) Selection of 3,
to determine one of PS gj’j ) streams from the data-center which automatically selects
the stream PngJé) from the cache server, to obtain the non-cached content from the
datacenter. Thus, we will use a two-stage probabilistic scheduling to select the cache
server and the parallel streams. For a file request at edge-router ¢, we choose server j
with probability 7; ;, for file 2 randomly. Further, having chosen the cache server, one
of the e; streams is chosen with probability p; ;. (. Similarly, one of the d; streams is

chosen with probability g; ;s .. We note that these probabilities only have to satisfy

m
D ige = 1Vi 6 (5.7)
=1
o0
J
Z piv]',l/j,f - 1v7/,j, gv (58)
vj=1
d;
Z Qi jp0 = 1V, 5,4, (5.9)
=1
T3, Pijv; 0 i,5,8; ¢ > OVZ, ja 5j7 Vj, 14 (510)

We note that since file 7 is removed from the edge cache after time w;, the requests
at the cache server are no longer Poisson. We note that this could be alleviated by
assuming that every time the file is requested, the time w; is chosen using an exponen-
tial distribution. This change of distribution will make the distribution of requests

at the cache server Poisson thus alleviating the issue. This is because if w; follows an
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exponential distribution (i.e., not fixed) with parameter v;, the probability that the

request of video file 7 is directed to the distributed cache servers and/or central server

is given by P(fZ > w;) = V_ii/\_. This result follows since #; and w; are exponentially

distributed with paramters \; and v;, respectively. However, in the following, we will
assume constant w;, while still approximate the request pattern at cache servers as
Poisson which holds when the times for which file remains in the edge cache is chosen
using an exponential distribution. This approximation turns out to be quite accurate
as will be shown in the evaluation results. Further, such approximations of Poisson
arrivals are widely used in the literature in similar fashions. In particular, it is used to
characterize the coherence time of an LRU-based caching, e.g., see [52] and references
therein. Further, in [80] (Ch.9, page 470) authors approximate the arrivals of new
and retransmitted packets in CSMA protocol as Poisson even though they are not
due to the dependencies between them.

Since sampling of Poisson process is Poisson, and superposition of independent
Poisson processes is also Poisson, we get the aggregate arrival rate at PSS:?, Psgj),

J

and PS'“?) denoted as A%ﬁb A%M, and A')  respectively are given as follows.

vj ko VA2 Al
r —
ASB e = D NaMigaetizsyee 0t A = AT, (5.11)
=1 )
Ag',ezzj,z - Z /\iﬂi,j,épi,j,uj,ee_A""w" (5.12)
=1

Remark 1 We note that since shift n is not zero, the requests at the cache servers
(i.e., the output of the first queues) are no longer Poisson. However, we note that
this could be alleviated by assuming that this shift is relatively very small compared to
the exponential rate ac. This assumption will make the requests pattern at the storage
servers Poisson, thus alleviating this issue. In the following, we will assume a Poisson
approximation for simplicity, while still approximate the request pattern at storage
servers as Poisson which holds when the shift approaches zero. This approximation

turns out to be quite accurate as will be shown in the evaluation results. Further,
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such approximations of Poisson arrivals are widely used in the literature in similar

fashions, e.qg., see [50] and references therein for further details.

Assumption 1 When the service time distribution of datacenter server (first queue)
is given by shifted exponential distribution, the arrivals at the cache servers (second

queue) are Poisson.

5.3.4 Distribution of Edge Cache Utilization

We will now investigate the distribution of the edge-cache utilization at any time.
This will help us in bounding the probability that the edge cache is more than the
capacity of the cache. In the analytic part, we will bound this probability. However,
the online adaptations in Appendix A.20 will provide an adaptation to maintain the
maximum edge cache capacity constraint at all times.

Let X;, be the random variable corresponding to amount of space in the edge-
cache ¢ for video file i. Since the file arrival rate is Poisson, and the file is in the
edge-cache ¢ if it has been requested in the last w; seconds. Then, X, is given as

7 L; with prob. 1 — e @i
Xie = (5.13)

0 with prob. e @i

—-A

where 1 — e ¥t is the probability that file ¢ is requested within a window-size of

wi ¢ time units. The total utilization of the edge-cache j is given as
X, = ZXM (5.14)
i=1

The mean and variance of X, can be found to be Y.} 7L;(1 — e~ and
Soi(TLi)%e diewie (1 — e~ iewit) | respectively. Since r is large, we will approximate
the distribution of X; by a Gaussian distribution with mean Y _; 7L;(1 — e it and
variance Y (7L;)2e ewit (1 —erewie) This distribution is then used as a constraint
in the design of w; s, where the constraint bounds the probability that the edge cache

utilization is higher than the maximum capacity of the edge cache. Since X, can
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be well approximated by a Gaussian distribution, the edge cache utilization, can be

probabilistically bounded as follows,

T 1 (z—p)?
e 22 dr < ¢ (5.15)
V2mo? o

Cl,e
Where ILL = Z: TLz(l — e_Ai,Zwi,Z>7 0‘2 — ZZ(TLi)ze_Ai,fwi,é(l — 6_/\2',8‘-’-71',8> are the mean

and variance, respectively.

5.4 Stall Duration Tail Probability

This section will characterize the stall duration tail probability using the two-stage
probabilistic scheduling and allocation of bandwidth weights. We note that the arrival
rates are given in terms of the video files, and the service rate above is provided in
terms of segment at each server. The analysis would require detailed consideration of
the different segments in a video. In this section, we will assume that the edge-router
for the request ¢ is known, and thus we omit the subscript/superscript ¢ to simplify
notations.

In order to find the stall durations, we first consider the case where file 7 is not
in the edge cache and has to be requested from the CDN. We also assume that the
cache server j is used, with the streams §; and v; known. We will later consider the
distribution of these choices to compute the overall metric. In order to compute stall
durations, we would first calculate the download time of each of the video segment,
which accounts for the first L;; segments at the cache j and the later L; — L;;
segments at the server. After the download times are found, the play times of the
different contents are found. The detailed calculations are shown in Appendix A.13,

where the distribution of 79

anvﬁj:”j’

the time that segment g begins to play at the client
¢ given that it is downloaded from 3; and v; queues, is found. The stall duration for

the request of file ¢ from 3; queue, v; queue and server j, if not in the edge-cache,

(inj)ﬂjayj)

ie, I'y is given as

Fg,jﬂj,w) =7 4, — (L, —1)T, (5.16)

i7j75j7uj
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as explained in Appendix A.13. We use this expression to derive a tight bound on
the SDTP.

The stall duration tail probability of a video file i is defined as the probability that
the stall duration is greater than a pre-defined threshold o. Since exact evaluation of
stall duration is hard [25,81], we cannot evaluate Pr (FEZ > O’) in closed-form, where
ng is random variable indicating the overall stall duration for file 7. In this section,
we derive a tight upper bound on the SDTP through the two-stage Probabilistic
Scheduling as follows.

We first note that the expression in equation (A.50) (Appendix A.13) accounts
only for the stalls that would be incurred if the video segments are not accessed from
the edge-cache (including stored, or multicasted). However, the user would experience
lower stalls if the requested content is accessed from the edge-cache. Thus, we need
an expectation over the choice of whether the file is accessed from the edge server, and
the choice of (7, 8;,v;) in addition to the queue statistics. For a video file ¢ requested
at time ; after the last request for file 4, the stall duration for the request of file i can

be expressed as follows:

@ 7\7"
(i) d (Ftot - ti) 0<t <w
Fior = (5.17)

where £ means equal in distribution. This is because if file ¢ is requested again within
w; time, then the multicast or stored file can lead to the reduced stall duration based
on how much time has passed since the last request. Further, if the file has not been
requested in the last w; time units, then the file has to be obtained from the CDN,
i)

o also includes randomness over the

and thus the expression of random variable FE

choice of (j, B;,v;) in this case. From (5.17), we can obtain the following result.

(2)

Lemma 15 For a given choice of (j, 5;,v;), E [ehirwt] is bounded as

h_F(ivjﬁijj)

E [ehifi?t} <Z+aE {e Ty } (5.18)
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where ¢ = 1 — e ¥ g = e A% h = [1 — /\1+h (1 —e ﬁhi)%') , ¢ = c/b and
a=a/b.
Proof The proof is provided in Appendix A.14. [ |

p®)
We next derive E [ehZDivﬂ'ﬁj’”j (4, B4, Vj)} using the following two lemmas, which
will be used in the main result. The key idea is that we characterize the download
and play times of each segments and use them in determining the SDTP of each video

file request.

7,8

P
Lemma 16 Forv < L;,;, E { PDij 85w (4 B; l/j)} is given by

hD&
E [ )5, 8, m]

(e) o'e n v
B (1 —pj,)ti ;e
- © (g© NO) (5.19)
ti - Aj,yj(Bj 1/]( ) 1) jl/] _t’b

Proof The proof follows from (A.27) in Appendix A.13 by replacing g by v and

rearranging the terms in the result. [ ]
Lemma 17 Forv > (L;; +1), E [ehiDﬁ”)‘(]’, B8, yj)] is given by

E "3, 85,vy)]
(4, 5;‘7%')} +
fj (1— {9 )t

S E [ehiUi,j,ﬁj,v,Ljyi

X
@ d
o b =AY g](3< ) (hi) = 1)
(@) w—Lj,i— " v-w+l
alf) e o) et
@ _ 5 @ _p ’ (5.20)
Q5.5 v @, — Ik

eh‘iUi,j,ﬁjw,Lj,i

where E (4, 8;,v;)| and Bj(flﬁ)j are given in Appendix A.13, equations

(A.39), and (A.41), respectively.

Proof The proof is provided in Appendix A.15. [ ]
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Corollary 3 The (expected) time to the first chunk (TTFC) can be obtained from
equation (A.75) (Lemma A.19.1) by setting ds = 0 and g; = 1.

Using these expressions, the following theorem summarizes the stall duration tail
probability for file i. We include the edge router index ¢ in all the expressions in the

result for the ease of using it in the following section.

Theorem 5.4.1 The stall distribution tail probability for video file i requested through
edge router ¢ is bounded by

(@)

Cot+age” “’+ae§ Pijw; 0¥

E 7Tl]g><

j=1 vj=1

j — p—
Z qi7j76j’zehiLiT % (5(6,@ 1 5@0 +6(d,d,€)> (5.21)
Bi=1

for pgfgj <1, pfﬁ)j,f <1, ,og.ijﬁz < 1, where the auziliary variables in the statement of

the Theorem are defined as

6(6,6_)_MJ(VJ)(h’ )( pjﬁ g)t@(( ( ))Lj,i_ )
(hs = S5, (B3 (ki) = D))~ 1)

(5.22)

s@n L J‘@ % 2‘) (5.23)
hi = Aj ,Bj,Z(Bj éj (hi) = 1)

dd@_,.y(df /

.6, (5.24)

r(dd,e d,d e
T (01 1)

fz(cjlgf) - ~H(dd,t (5.25)
<M§,ﬁ’; (h)) — 1
( ) (df) Li+1

[h A(d (Bjﬁ) (hi) — 1)] (M.‘?j(hi))%iﬂ

s
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a(d) M8, —hiT

17d A?ﬁ'
7 = 521

(d) Zeﬁj,ﬁj,l—hﬂ'

r a,f « 'wB"
MG (hy) == 0 (5.28)
o — h;
]7ﬁj7é g
e nju.e—hit
— o e
My (hi) = =2 : (5.29)
I © _p
ajv”j7z ?
5 (d)
(d) (d) n; 5.0
Trdd ajs(ajs ,—h)e™’s ,
MJ(ija)f(h) - i S (@) h’ vj?ﬁj (530)
O[(d) (Oé(d) _ h,)enj’ﬁj’e
]75j7€ ],B]
_ (1 _ e—Ai,ewi,z)e—hiU
Ce = » o (5.31)
1 - )\i{:hi (1 — 6_(/\z+hz)wz>
€_>\'L’,Zwi,€ ( )
ap = : — 5.32
T ()
5@ = fdgefhi(o+ds+(Li71)T) (533)
Proof The detailed steps are provided in Appendix A.16.
|

We note that 9 = §@0 = 0, if the storage server nodes are not hosting the
requested video files and 649 has nonzero value only if some sWe can also derive
the mean stall duration for video file ¢ in a similar fashion. The interested reader is

referred to Appendix A.19 for detailed treatment of this metric.
5.5 Optimization Problem Formulation and Proposed Algorithm

5.5.1 Problem Formulation

We definew = (m Vi =1,--- ,;rand j=1,--- ,;m{=1,--- ,R),p= (Pi v (V;,{) €
(W) vy e {1,000 e {1 R = 1,0, = 1, ,m, v =
L...é? =1 RLqg= (g sM=1-rj=1-,m, B=1..dl=
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1,---,R),h = (hy,ta,..., h,) L w@ = (wéi)’g,...,w§2j7e, andj=1,---,m{=1---,R),w® =
(wﬂ,z,w](.;)’g, . ,w5766)<5>7£, and j=1,--- ,m{=1,...,R), w? = (wj(‘,df,ev .. ,w](.ii)j’f, and j =
oo ,m), L= (Lj,i,]‘v’i =1, andj=1,---,m) and w = (w;y, Vi, l). Our goal is to
minimize the SDTP over the choice of cache and datacenter access decisions, band-
width allocation weights, portion (number) of cached segments, time window over
which we maintain the video files at edge-cache and auxiliary bound parameters.

To incorporate for weighted fairness and differentiated services, we assign a posi-
tive weight x; ¢ for each file 7. Without loss of generality, each file 7 is weighted by the
arrival rate \;, in the objective (so larger arrival rates are weighted higher). However,
any other weights can be incorporated to accommodate for weighted fairness or differ-

entiated services. Let A = > .0 Aie be the total arrival rate. Hence, k; 0 = Ai g /X is the

ratio of file ¢ requests. Hence, the objective is the minimization of stall duration tail

probability, averaged over all the file requests, and is given as ), , ’\§‘ Pr (F(i) > a).

By using the expression for SDTP in Section 5.4, the optimization problem can be

formulated as follows.
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Cg—l-age ZU+QZE Pi g, X

>y ”wa

/=1 =1 Ze vi=1
unﬁj e (6@ +5d>+5dd> (5.34)
Bj_l
s.t.
(5.1) — (5.12), (5.15), (5.22) — (5.33) (5.35)
wip Li — Lji .
pjﬁ]g_z/\zfﬂ-z]%jﬁjﬁe e ZZQT)]<17 Vjaﬁj (536)
=1 7,85 ,£
—~ r Li— L.
d  ow; % K .
p§.”6),j7€ = Z /\i’em’j,gq@jﬂj,ge’\“ ’ZTJ < 1Vj, ﬁj,é (537)
=1 jﬁj
e - s L7, .
p§,3j,g = Z)\ixﬂz’,jjpi,j,uj,ee/\”g “Zﬁ <1, Vju;, L (5.38)
i=1 It
Y Lji<Cj Lj >0, Vi,j (5.39)
hi <o\ by <ol hi< ol Vigt 5.40
v J,B50 1 J,85,4° Y RZRAl y 1 Vy,

(@
I
—_

0 < hi — A (BY) (hi) = 1), Vi j, B0
0<h—AY Z(Bj(fgj’e(hi) —1), Vi,j,B;

ot
B
w

0< h A]u Z(B](',eu)jj(hi) - 1)7 Viajv Vj>€

—~ ~—~ — —~ —~
o ¢ oS ¢
IS =~
=~ \S)

SN— N— N— N— S—

Ljﬂ‘ e Z

var m,q, p, h, w(c), 'w(d), w(e), L w

Here, in (5.35), equations (1)—(3) give the feasibility constraints on the bandwidth
allocation, while equations (4) — (6) define the MGF's of the service time distributions,
equations (7) — (10) give the feasibility of the two-stage probabilistic scheduling and
(11) — (12) define the arrival rates at the different queues. Constraints (5.36)—(5.38)
ensure the stability of the systems queue (do not blow up to infinity). Constraints
(5.40)—(5.43) ensure that the moment generating functions exist. We note that some
optimization variables can be combined to form a single optimization variable which

results in having only five independent and separable variables as shown below. In



107

the next subsection, we will describe the proposed algorithm for this optimization

problem.

5.5.2 Proposed Algorithm

We first note that the two-stage probabilistic scheduling variables are independent
and separable, thus we can combine them and define a single variable 7 such that
7 = (7, p,q). Similarly, since the bandwidth allocation weights are independent
and separable, we concatenate them in a single optimization variable w, where w =
<w(e) , w@ ,w(d)>. Hence, the weighted SDTP optimization problem given in (5.34)-
(5.44) is optimized over five set of variables: server and PSs scheduling probabilities
7 (two-stage scheduling probabilities), auxiliary parameters h, bandwidth allocation
weights w, cache placement L, and edge cache window size optimization w.

Clearly, the problem is non-convex in all the parameters jointly, which can be eas-
ily seen in the terms which are product of the different variables. Since the problem
is non-convex, we propose an iterative algorithm to solve the problem. The proposed
algorithm divides the problem into five sub-problems that optimize one variable while
fixing the remaining four. These sub-problems are labeled as (i) Server and PSs Ac-
cess Optimization: optimizes 7, for given h, w, w, and L, (ii) Auxiliary Variables
Optimization: optimizes h for given 7, w, w, and L, (iii) Bandwidth Allocation Opti-
mization: optimizes w for given 7, h, w, and L. (iv) Cache Placement Optimization:
optimizes L for given 7, h, w, and w, (v) Edge-cache Window Size Optimization:

optimizes w for given 7, h, L, and w. The algorithm is summarized as follows.

1. Initialization: Initialize h, 7, w, w and L in the feasible set.
2. While Objective Converges

(a) Run Server Access Optimization using current values of h, w, w, and L

to get new values of 7
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(b) Run Auxiliary Variables Optimization using current values of 7, w, w,

and L to get new values of h

(¢) Run Bandwidth Allocation Optimization using current values of 7, h, L,

and w, to get new values of w.

(d) Run Cache Placement Optimization using current values of 7, h, w, and

w to get new values of L.

(e) Run Edge-cache Window Size Optimization using current values of 7, h,

w, and L to get new values of w.

The proposed algorithm performs an alternating optimization over the different
aforementioned dimensions, such that each sub-problem is shown to have convex
constraints and thus can be efficiently solved using the iNner cOnVex Approximation
(NOVA) algorithm proposed in [57]. The subproblems are explained in detailed in
Appendix A.17.

We first initialize 7w, w, h, w, and L Vi, j, v;, B; such that the choice is feasible
for the problem. Then, we do alternating minimization over the five sub-problems
defined above. Since each sub-problem can only decrease the objective (properties of
convergence of subproblems to a stationary point is given in Appendix A.17) and the

overall problem is bounded from below, we have the following result.

Theorem 5.5.1 The proposed algorithm converges to a stationary solution.
Appendix A.20 describes how our algorithm can be used in an online fashion to

keep track of the systems dynamics at the edge-cache.

5.6 Implementation and Evaluation

In this section, we evaluate our proposed algorithm for weighted stall duration

tail probability.
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Fig. 5.4.: Testbed in the cloud.

Edge-cache

5.6.1 Testbed Configuration and Parameter Setup

We construct an experimental environment in a virtualized cloud environment
managed by Openstack [77] to investigate our proposed SDTP framework. We allo-
cated one VM for an origin server and 5 VMs for cache servers intended to simulate
two locations (e.g., different states). We implement the proposed online caching mech-
anism in the edge cache that takes the inputs of w;, at each edge router. When a

video file is requested, it is stored in the edge-cache for a window size of w;, time

Table 5.1.:  The value of a; used in the evaluation results with units of 1/ms. We set

@ _,@ _,© _
Mgy = Mg = My = 14 WS

J

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6

82.00 76.53 71.06 65.6 60.13 54.66

Node 7 Node 8 Node 9 Node 10 Node 11  Node 12

49.20 44.28 39.36 34.44 29.52 24.60
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Table 5.2.: Testbed Configuration

Cluster Information

Control Plane Openstack Kilo
VM flavor 1 VCPU, 2GB RAM, 20G storage (HDD)

Software Configuration

Operating System Ubuntu Server 16.04 LTS

Origin Server(s) Apache Web Server [82]: Apache/2.4.18 (Ubuntu)
Cache Server(s) Apace Traffic Server [83] 6.2.0 (build # 100621)
Client Apache JMeter [84] with HLS plugin [85]

units (unless requested again in this window). For the future requests within w; or
concurrent user requests, the requests for the video chunks are served from the edge-
cache, and thus future/concurrent users would experience lower stall duration. If the
file can be accessed from the edge router, higher caching level is not used for this
request which consequently reduces the traffic at the core backbone servers. If the file
cannot be accessed from the edge router, it goes to the distributed cache. We assume
some segments, i.e., L;;, of video file 7 are stored in the distributed cache node j,
and are served from the cache nodes. The non-cached segments are served from the
data-center. The schematic of our testbed is illustrated in Figure 5.4. Since the two
edge-routers are likely in different states, they may not share the cache servers which
is the setup we study in the experiments. We note that the theoretical approach
proposed earlier is general and can work with shared cache servers across multiple
edge routers.

One VM per location is used for generating client workloads. Table 5.2 summa-
rizes a detailed configuration used for the experiments. For client workload, we exploit
a popular HTTP-traffic generator, Apache JMeter, with a plug-in that can generate
traffic using HTTP Streaming protocol. We assume the amount of available band-

width between origin server and each cache server is 200 Mbps, 500 Mbps between
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cache server 1/2 and edge router 1, and 300 Mbps between cache server 3/4/5 and
edge router 2. In this experiment, to allocate bandwidth to the clients, we throttle
the client (i.e., JMeter) traffic according to the plan generated by our algorithm. We
consider 1000 threads (i.e., users) and set egg) =40 for all £ =1,2, d; = 20. Segment
size T is set to be equal to 8 seconds. Each edge cache is assumed to have a capacity,
equivalent to 15% of the total size of the video files. Further, distributed cache servers
can store up to 35% out of the total number of video file segments. The values of
and 7; are summarized in Table I.

Video files are generated based on Pareto distribution [62] (as it is a commonly
used distribution for file sizes [63]) with shape factor of 2 and scale of 300, respectively.
While we stick in the experiment to these parameters, our analysis and results remain
applicable for any setting given that the system maintains stable conditions under the
chosen parameters. Since we assume that the video file sizes are not heavy-tailed, the
first 500 file-sizes that are less than 60 minutes are chosen. When generating video
files, the size of each video file is rounded up to the multiple of 8 seconds. For the
arrival rates, we use the data from our production system for 500 hot files from two
edge routers, and use those arrival rates. The aggregate arrival rates at edge router
1 and router 2 are A; = 0.01455571, Ay = 0.02155571, respectively.

In order to generate the policy for the implementation, we assume uniform schedul-
ing, m;; = k/n, pj., = 1/ej, q;3, = 1/d;. Further, we choose t; = 0.01, w](elz] =1/e;j,
wj(.’aﬁ)j = 1/d; and w%j = 1/d;. However, these choices of the initial parameters may
not be feasible. Thus, we modify the parameter initialization to be closest norm
feasible solutions. Using the initialization, the proposed algorithm is used to obtain
the parameters. These parameters are then used to control the bandwidth allocation,
distributed cache content placement, the probabilistic scheduling parameters, and the
edge caching window sizes. Based on these parameters, the proposed online algorithm
is implemented. Since we assume the arrivals of video files are Poisson (and hence
inter-arrival time is exponential with A; for file 7), we generate a sequence of 10000

video file arrivals/requests corresponding to the different files at each edge router.
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Upon an arrival of a video file at edge-cache, we apply our proposed online mecha-
nism. For each segment, we used JMeter built-in reports to estimate the downloaded
time of each segment and then plug these times into our model to obtain the stall

duration which will be used for evaluation of the proposed method.

5.6.2 Baselines

We compare our proposed approach with multiple strategies, which are described

as follows.

1. Projected FEqual Server-PSs Scheduling, Optimized Auziliary variables, Cache
Placement, Edge-cache Window-Size, and Bandwidth Wights (PEA): Starting
with the initial solution mentioned above, the problem in (5.34) is optimized
over the choice of h, w, L, and w (using Algorithms 4, 5, 6, and 7 respectively)
using alternating minimization. Thus, the values of 7 ;, p; .., and g; ;g will

be approximately close to k/n, 1/e;, and 1/d;, respectively, for all 4, j, v;, §;.

2. Projected Proportional Service-Rate, Optimized Auxiliary variables, Bandwidth
Wights, Edge-cache Window-Size, and Cache Placement (PSP): In the ini-

tialization, the access probabilities among the servers, are given as m;; =

Hj

Z]' Hg’
choice of all parameters are then modified to the closest norm feasible solution.

Vi, j. This policy assigns servers proportional to their service rates. The

Using this initialization, the problem in (5.34) is optimized over the choice of h,
w, L, and w, (using Algorithms 4, 5, 6, and 7, respectively) using alternating

minimization.

3. Projected Equal Caching, Optimized Scheduling Probabilities, Auxiliary vari-
ables and Bandwidth Allocation Weights (PEC): In this strategy, we divide the
cache size equally among the video files. Thus, the size of each file in the cache
is the same (unless file is smaller than the cache size divided by the number

of files). Using this initialization, the problem in (5.34) is optimized over the
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choice of 7, h, w, and w (using Algorithms 3, 4, 5, and 7, respectively) using

alternating minimization.

. Caching Hot Files, Optimized Scheduling Probabilities, Auziliary variables, Edge-
cache Window-Size, and Bandwidth Allocation Weights (CHF'): In this strategy,
we cache entirely the files that have the largest arrival rates in the storage cache
server. Such hot file caching policies have been studied in the literature, see [12]
and references therein. Using this initialization, the problem in (5.34) is opti-
mized over the choice of 7, h, w, and w (using Algorithms 3, 4, 5, and 7,

respectively) using alternating minimization.

. Caching based on Least-Recently-Used bases at edge-cache and Caching-Hottest
files at storage nodes, Optimized Scheduling Probabilities, Auziliary variables,
Storage Cache Placement, and Bandwidth Allocation Weights (LRU): In this
strategy, a file is entirely cached in the edge-cache servers upon request if space
permits; otherwise, the least-recently used file(s) is removed first to evacuate
the needed space for the new file. Further, the hottest files are partially cached
in the distributed storage cache servers. Such hot file caching policies have been
studied in the literature, e.g., [12] and references therein. Using this initializa-
tion, the problem in (5.34) is optimized over the choice of 7r, h, and w, (using

Algorithms 3, 4, and 5, respectively) using alternating minimization.

. Caching at edge-cache based on adaptSize policy [53] and Caching-Hottest files at
storage nodes, Optimized Scheduling Probabilities, Auziliary variables, Storage
Cache Placement, and Bandwidth Allocation Weights (adaptSize): This policy
is a probabilistic admission policy in which a video file is admitted into the cache

—size/¢ g0 as larger objects are admitted with lower probability

with probability e
and the parameter c is tuned to maximize the object hit rate (OHR), defined as
the probability that a requested file is found in the cache. In particular, given
a ¢ and an estimate on the arrival rate for the requests for each video file, one

can estimate the probability that a given file will be served from the edge-cache.
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One can then use these probabilities to compute the OHR as a function of ¢
and then optimize. The value of ¢ is recomputed after a certain number of file
requests, using a sliding window approach. We refer the reader to [53] for a

more in-depth description.

7. Caching at edge-cache based on variant of LRU policy [52], Caching-Hottest files
at storage nodes, Optimized Scheduling Probabilities, Auziliary variables, Stor-
age Cache Placement, and Bandwidth Allocation Weights (x LRU ): We denote
by LRU one of the these policies: ¢LRU, kLRU, and kRandom. A qLRU
policy is the same as LRU except that files are only added with probability
q. In kLRU, requested files must traverse £ — 1 additional virtual LRU caches
before it is added to the actual cache. kRandom is the same as kLRU except
files are evicted from the cache at random. The other optimization parameters

are optimized the same way as in the adaptSize policy.

5.6.3 Experimental Results

SDTP performance for different o: Figure 5.5 shows the decay of weighted SDTP
>y %P(F(i) > ¢) with o (in seconds) for the considered policies. Notice that SDTP
Policy solves the optimal weighted stall tail probability via proposed alternating op-
timization algorithm. Also, this figure represents the complementary cumulative dis-
tribution function (cedf) of the proposed algorithm as well as the selected baselines.
We further observe that uniformly accessing servers and simple service-rate-based
scheduling are unable to optimize the request scheduler based on factors like chunk
placement, request arrival rates, different stall weights, thus leading to much higher
SDTP. Moreover, the figure shows that an entire video file does not have to be present
in the edge-cache. That’s because when the user requests a cached video, it is served
by first sending the portion of the video locally present at edge-cache while obtain-

ing the remainder from the distributed cache servers and/or the origin server, and

transparently passing it on to the client. In addition, we see that the analytical (of-
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fline) SDTP is very close to the actual (online) SDTP measurement on our testbed.
Further, since adaptSize policy does not intelligently incorporate the arrival rates in
adding/evicting the video files, it fails to significantly reduce the SDTP. To the best of
our knowledge, this is the first work to jointly consider all key design degrees of free-
dom, including bandwidth allocation among different parallel streams, cache content
placement, the request scheduling, window-size of the edge-cache and the modeling
variables associated with the SDTP bound.

Arrival Rates Comparisons: Figure 5.6 shows the effect of increasing system work-
load, obtained by varying the arrival rates of the video files from 0.01s™! to 0.03s7!
with an increment step of 0.002s~! on the SDTP. We notice a significant improvement
of the QoE metric with the proposed strategy as compared to the baselines. Further,
the gap between the analytical offline bound and actual online SDTP is small which
validates the tightness of our proposed SDTP bound. Further, while our algorithm
optimizes the system parameters offline, this figure shows that an online version of
our algorithm can be used to keep track of the systems dynamics and thus achieve
an improved performance.

Effect of Number of files: Figure 5.13 shows the impact of varying the number of
files from 150 to 550 on the weighted SD'TP for the online algorithm. Clearly, weighted
SDTP increases with the number of files, which brings in more workload (i.e., higher
arrival rates). However, our optimization algorithm optimizes new files along with
existing ones to keep overall weighted SDTP at a low level. We note that the proposed
optimization strategy effectively reduces the tail probability and outperforms the con-
sidered baseline strategies. Thus, joint optimization over all optimization parameters
help reduce the tail probability significantly. Also, the gap between online and offline
performance is almost negligible which reflects the robustness of our algorithm.

Additional performance evaluation is provided in Appendix 5.7 and Appendix 5.8.
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5.7 Edge-cache Performance and further Evaluation

Convergence of the proposed algorithm: Figure 5.7 shows the convergence of
our proposed SDTP algorithm, which alternatively optimizes the weighted SDTP
of all files over scheduling probabilities 7, auxiliary variables ¢, bandwidth allocation
weights w, cache server placement L, and window-size w;. We see that for r = 500
video files of size 600s with m = 5 cache storage nodes, the weighted stall duration
tail probability converges within a few iterations.

Effect of scaling up the bandwidth of the cache servers and datacenter: The effect
of increasing the server bandwidth on the weighted SDTP is plotted in Figure 5.8.
Intuitively, increasing the storage node bandwidth will increase the service rate of the
storage nodes by assigning higher bandwidth to the users, thus, reducing the weighted
SDTP.

Effect of the bound percentage € in the SDTP: Figure 5.9 plots the weighted SDTP
versus €, i.e., probability that the cache size is exceeded. We see that the SDTP
increases significantly with an increase in e. This is because as € increases, there
are more edge capacity constraint violations and the the online adaptations may not

remain the optimal choice.
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In the following figures, a trace-based implementation is performed, where the

video ID, time requests, video lengths, etc. are obtained from one-week traces of a
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production system from the major service provider in the US. We note that the arrival
process is not Poisson in this case, while the proposed approach still outperform the
considered baseline approaches.

Effect of the arrival rates on the TTFC: Figure 5.10 shows the effect of different
video arrival rates on the TTFC for different-size video lengths. The different sizes
for video files are obtained from real traces of a major video service provider. We
compared our proposed online algorithm with the analytical offline bound and LRU-
based (explained in Section IV, B) policies. We see that the TTFC increases with
arrival rates, as expected, however, since the TTFC is more significant at high arrival
rates, we notice a significant improvement in the download time of the first chunk by
about 60% at the highest arrival rate in Figure 5.10 as compared to the LRU policy.

Effect of arrival Rates on the MSD: The effect of different video arrival rates on
the mean stall duration for different-size video length is captured in Figure 5.11. We
compared our proposed online algorithm with five baseline policies and we see that
the proposed algorithm outperforms all baseline strategies for the QoE metric of mean

stall duration. Thus, bandwidth, size of the time-window, access and placement of
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files in the storage caches are important for the reduction of mean stall duration.
Further, obviously, the mean stall duration increases with arrival rates, as expected.
Since the mean stall duration is more significant at high arrival rates, we notice a
significant improvement in mean stall duration (approximately 15s to about 5s) at
the highest arrival rate in Figure 5.11 as compared to the LRU policy

Effect of edge-cache capacity: We study the miss-rate (percentage of how many
video file requests are not served from the edge-cache) performance of the edge-
cache. Clearly, the miss-rate decreases with the increasing size of the capacity of
the edge-cache. However, when the edge-cache capacity is approximately 35% of the
entire video sizes, the miss-rate is around 20%. Further, adaptSize policy does not
neither optimize the time to live window of files w;’s nor intelligently incorporate the
arrival rates in adding/evicting the video files, and thus its performance becomes less
sensitive to varying the cache size. The variant versions of LRU (qLRU with ¢ = 0.67,
kLRU and kRandom with k = 6) obtain closer performance compared to that of the

basic LRU where kLRU performs that best among them as it somehow maintains a
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window (k-requests) for admitting a file into the cache and adapts LRU policy in the

eviction process.
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5.8 Joint Mean-Tail Optimization

We wish to jointly minimize the two QoE metrics (MSD and SDTP) over the
choice of server-PSs scheduling, bandwidth allocation, edge-cache window-size and
auxiliary variables. Since this is a multi-objective optimization, the objective can be
modeled as a convex combination of the two QoE metrics.

The first objective is the minimization of the mean stall duration, averaged over

Aie

all the file requests, and is given as Zl 03

E [F W)] . The second objective is the min-
imization of stall duration tail probability, averaged over all the video file requests,
and is given as Zz‘,ﬂ % Pr (I’(M) > x) Using the expressions for the mean stall du-
ration and the stall duration tail probability, respectively, optimization of a convex

combination of the two QoE metrics can be formulated as follows.
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Clearly, the above optimization problem is non-convex in all the parameters
jointly. This is can be easily seen in the terms which are product of the different
variables. Since the problem is non-convex, we propose an iterative algorithm to
solve the problem. This algorithm performs an alternating optimization over the
different aforementioned dimensions, such that each sub-problem is shown to have
convex constraints and thus can be efficiently solved using NOVA algorithm [57].

The subproblems are explained in detailed in Appendix A.17.
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Mean-Tail tradeoff: There is a tradeoff between the MSD and SDTP. Hence,
we now investigate this tradeoff in order to get a better understanding of how this
traddeoff can be compromised. To do so, we vary € in the above optimization problem
to get a tradeoff between MSD and SDTP. Intuitively, if the mean stall duration
decreases, the stall duration tail probability also reduces, as depicted in Figure 5.14.
Therefore, a question arises whether the optimal point for decreasing the mean stall
duration and the stall duration tail probability is the same? Based on our real video
traces, we answer this question in negative since we find that at the desgin values
that optimize the mean stall duration, the stall duration tail probability is 104 times
higher as compared to the optimal stall duration tail probability. Similarly, the
optimal mean stall duration is 7 times lower as compared to the mean stall duration
at the design values that optimizes the stall duration tail probability. As a result,
an efficient tradeoff point between the two QoE metrics can be chosen based on the

point on the curve that is appropriate for the clients.
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6. CONCLUSION AND FUTURE WORK

6.1 Conclusion

This dissertation proposes a CDN-based edge-cache-aided over-the-top multicast
video streaming system, where the video content is partially stored on distributed
cache servers and access-dependent online edge caching strategy is used at the edge-
cache. The content at the distributed cache servers can be either erasure-coded or
coded using repetition code.

First, we consider video streaming over cloud where the content is erasure-coded
on the distributed servers. Two QoE metrics related to the stall duration, mean stall
duration and stall duration tail probability are characterized with upper bounds.
Both download and play times of each video segment are characterized to evaluate
the QoE metrics. An optimization problem that optimizes the convex combination
of the two QoE metrics for the choice of placement and access of contents from the
servers is formulated.

Next, we consider video quality as a QoE metric in our optimization problem.
Besides stall measures (mean and tail probability of stall), average quality of the
streamed video is optimized. A two-stage probabilistic scheduling is proposed for the
choice of servers and the parallel streams between the server and the edge router.
Using the two-stage probabilistic scheduling and probabilistic quality assignment for
the videos, an upper bound on the mean stall duration is derived. An optimization
problem that minimizes a convex combination of the two QoE metrics is formulated,
over the choice of two-stage probabilistic scheduling, probabilistic quality assignment,
bandwidth allocation, and auxiliary variables.

Third, we consider multi-stage caching system where content can be obtained

from edge-cache, distributed storage servers and/or a central node. Using this model,
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weighted stall duration tail probability is optimized by considering two-stage prob-
abilistic scheduling for the choice of servers and the parallel streams between the
server and the edge router. Using the two-stage probabilistic scheduling and the edge
caching mechanism, an upper bound on the stall duration tail probability is charac-
terized. Further, an optimization problem that minimizes the weighted stall duration
tail probability is formulated, over the choice of two-stage probabilistic scheduling,
bandwidth allocation, cache placement, edge-cache parameters, and the auxiliary
variables in the bound.

For all different scenarios, an efficient algorithm is proposed to solve the optimiza-
tion problem and the experimental results on a virtualized cloud system managed by
Openstack depict the improved performance of our proposed algorithm as compared

to the state-of-the-other algorithm and some competitive baselines.

6.2 Future Work

A server does not need to serve different video requests one after the other. It
may be better to serve video segments out of order from a queue thus helping stall
durations since the later video requests do not have to wait for finishing chunks of
earlier requests which have later deadlines. Exploiting this flexibility is an open
problem.

Possible extensions to accommodate multiple quality levels and different chunk
sizes are discussed in Appendix A.21. However, a complete treatment of adaptive
bit-rate video streaming is left as a future work.

We note that the current video streaming algorithms use adaptive bit-rate (ABR)
strategies to change the video qualities of segments within a video [54,55]. One of
the strategies look at the buffer usage at the client to determine the quality of the
next segment [54]. Incorporating efficient ABR streaming algorithms is an interesting
future work. The main challenge in this extension is to incorporate the client behavior

which makes the arrival process non-memoryless thus making the analysis complex.
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Finally, considering the decoding time by combining data in the calculations is left

as a future work.
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A. APPENDIX

A.1 Proof of Lemma 1
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A.2 Proof of Lemma 2

This follows by substituting t = —s in (4.15) and B;(t) is given by (4.12) and
M;(t) is given by (4.5). This expressions holds when ¢t — A; (B;(t) —1) > 0 and
t < 0Vjy, since the moment generating function does not exist if the above does not

hold.
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A.3 Proof of Lemma 3

H,;
zz‘: e—ti(ds"'(f—l)’r) ( . ,Oj) t; (ajetiﬂj )é
o = t; — Aj (BJ (tl) — 1) a5 — t;

et (-t (6_t,-(€—1)7 <ﬂ)£)
ti — A (Bj(ti) —1) <= a; —t;

0D (1 — )t xS (e

ti— A (Bi(t:) — 1) & ( —)

e—ti(ds—T) (1 _ Pj) t; L; ajetigj—tn ¢
ti— Ay (Bj(t) — 1) = ( )
e D (1 —pj)ti
ti — A (B;(t:) — 1)
Li —t,L;7
(Mj S A )
—~ L;
@) (1 ) (1) L~ (F5(0)
ti — Ay (Bj(ti) — 1) (1 _ JTi(tQ)




136

A.4 Proof of Theorem A.19.1

We first find an upper bound on Fj; as follows.
F;=E [max etipijz]

g Z E [etipijz}

(e) t(ds ( '—1)T)+

L’Z“ LT (1= pj) i (Oéjetiﬁﬂ' )Z_l
2 TR B -1 \ay—h
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Z 6 (]. - pj) (Oéjet’bﬁﬂ > (A3)
=t AJ (Bj(ti) —=1) \a; —t;
where (d) follows by bounding the maximum by the sum, (e) follows from (4.22), and
(f) follows by substituting ¢ = z — 1.

Further, substituting the bounds (A.3) and (4.35) in (A.72), the mean stall dura-
tion is bounded as follows.
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A.5 Proof of Theorem 3.6.1

Substituting (3.29) in (3.27), we get

< Z i P (max Dijz = f)
j z
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< D T
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etiac

J

where (g) follows from (A.3) and H;; is given by (4.42).

A.6 Description of the Algorithms for the Three Sub-Problems
A.6.1 Access Optimization

Given the placement and the auxiliary variables, this subproblem can be written
as follows.
Input: ¢, S
Objective: min (4.45)
s.t. (4.48), (4.49), (4.51), (4.51), (3.49), (4.58)
var.
In order to solve this problem, we have used iNner cOnVex Approximation (NOVA)
algorithm proposed in [57] to solve this sub-problem. The key idea for this algorithm is
that the non-convex objective function is replaced by suitable convex approximations

at which convergence to a stationary solution of the original non-convex optimization
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is established. NOVA solves the approximated function efficiently and maintains fea-
sibility in each iteration. The objective function can be approximated by a convex
one (e.g., proximal gradient-like approximation) such that the first order properties
are preserved [57], and this convex approximation can be used in NOVA algorithm.

Let U (7; ") be the convex approximation at iterate 7¥ to the original non-convex
problem U (7), where U (7) is given by (4.45). Then, a valid choice of U (m; ") is
the first order approximation of U (), e.g., (proximal) gradient-like approximation,
ie.,

U (m.n") = VaU (x*)" (0 = ) + 2 e — (A.6)

where 7, is a regularization parameter. Note that all the constraints (4.48), (4.49),
(4.51), (4.51), (3.49), and (4.58) are linear in 7r; ;. The NOVA Algorithm for opti-
mizing 7 is described in Algorithm 3. Using the convex approximation U (m;mY),
the minimization steps in Algorithm 3 are convex, with linear constraints and thus
can be solved using a projected gradient descent algorithm. A step-size () is also
used in the update of the iterate w”. Note that the iterates {ﬂ'(”)} generated by
the algorithm are all feasible for the original problem and, further, convergence is

guaranteed, as shown in [57] and described in the following lemma.

Lemma 18 For fized placement 8 and t, the optimization of our problem over
generates a sequence of decreasing objective values and therefore is guaranteed to

converge to a stationary point.

A.6.2 Auxiliary Variables Optimization

Given the placement and the access variables, this subproblem can be written as
follows.
Input: =, S
Objective: min (4.45)
s.t. (3.45), (4.56), (3.47),(4.57), (3.49), (4.58),
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Algorithm 1: NOVA Algorithm to solve Access Optimization sub-problem

1

2.

3.

. Initialize v = 0, k = 0" € (0,1], € > 0,w° such that 7° is feasible ,
while obj (k) —obj (k—1) > €
//Solve for w1 with given w¥

Step 1: Compute 7 (7¥) , the solution of & (7%) =argmin U (m,®") s.t.
(4.48), (4.49), (4.51), (4.51), (3.45), (3.49), solved using projected gradient

descent
Step 2: ' =7 + ¥ (7w (w¥) — 7).
//update index

Set v+—rv+1

. end while

. output: 7 (7")

var. t

Similar to Access Optimization, this optimization can be solved using NOVA

algorithm. The constraints (3.45) and (4.56) are linear in ¢. The next two Lemmas

show that the constraints (3.47), (4.57), (3.49), and (4.58) are convex in ¢ respectively.

Lemma 19 The constraints (3.47) and (4.57) are convex with respect to t.

Proof

The proof is provided in Appendix A.7. [ ]

Lemma 20 The constraints (3.49) and (4.58) are convex with respect to t.

Proof

The proof is provided in Appendix A.8. [ |

Algorithm 4 shows the used procedure to solve for t. Let U (¢;#¥) be the convex

approximation at iterate t¥ to the original non-convex problem U (t), where U (t) is
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Algorithm 2: NOVA Algorithm to solve Auxiliary Variables Optimization

sub-problem

1. Initialize v = 0,4* € (0,1], € > 0, t° such that ¢° is feasible,

2. while obj (v) —obj (v —1) > ¢
3. //Solve for t'T! with given t”

4. Step 1: Compute & (t"), the solution of ¢ (t) =argmin U (t,t"), s.t. (3.45),
¢

(4.57), and (3.49) using projected gradient descent
5. Step 2: #7 = ¥ 1 4 (?(t”) - t”).
6. //update index
7. Setv+—v+1
8. end while

9. output: & (t")

given by (4.45), assuming other parameters constant. Then, a valid choice of U (¢; t*)

is the first order approximation of U (¢), i.e.,
U (t,t") = VU (#*)7 (£ — ) + % 1t — . (A7)

where 7; is a regularization parameter. The detailed steps can be seen in Algorithm
4. Since all the constraints (3.45), (4.57),and (3.49) have been shown to be convex in
t, the optimization problem in Step 1 of Algorithm 4 can be solved by the standard

projected gradient descent algorithm.

A.6.3 Placement Optimization

Given 7 and t, this subproblem finds a permutation of the placement of files on the
different servers. Let the given 7 be denoted as w’ = {m},;Vi,j} and the placement

corresponding to this access be & = (8],8%,...,8.). We find a permutation of
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the servers m for each file 7, and call it (;(j) is a permutation of the servers from
j € A{L,---m} to ¢;(j) € {1,---m}. Further, having the mapping of the servers
for each file, the new access probabilities are m;; = W;,Ci( i) Having these access
probabilities, the new placement of the files will be S; = {(;(j)Vj € S!}. We note that
the constraints (4.51), (4.51), and (3.44) for the access from the modified placement
of the servers will already be satisfied. The Placement Optimization subproblem is to
find the optimal permutations ¢;(j). The problem can be formally written as follows.

Objective: min (4.45)

s.t. (4.48), (4.49), (3.49), m; = m, . (;)» G is a permutation on
{1,--- m}vVie{l,--- r}

var. (;(j) Vjed{l,---,m}andie {1, --- 1}

We note that the optimization problem is to find » permutations and is a discrete
optimization problem. We first consider optimizing only over one of the permutation
(;- Let (; be written as an indicator function xq(f)v which is 1 if v = (;(u) and zero

otherwise. Then, the new m;; = > 29 !

w T T while for other files £ # ¢, m;; remains

the same. With the new values of 7;;, the only optimization variables are x% The
constraints for z{), are > 2, = Y 2 =1 and 2}, € {0,1}. We note that this is
a non-linear bipartite matching problem [86]. All the r permutations taken together
result in 7m? discrete optimization variables that we wish to optimize.

In general, we have the constraints m; = > xﬁm’u and ), 2 = > 2 =1
for all ¢ € {1,--- ,r}, u,v € {1,---,m}, where binary xq(f)v for each 7, u,v are the
decision variables. In order to solve the non-linear problem with integer constraints,
we use NOVA algorithm, where a term (1 + e(a””))_1 -1+ e(ac(“’l)))_l is added in
the objective for each constraint (to make the problem smooth), where «. is a large
number and C' is large enough to force the solutions to be binary. NOVA algorithm

guarantees convergence for any given value of C' and thus for large enough C, we will

obtain the stationary point that has integer constraints.
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A.7 Proof of Lemma 19

The constraints (3.47) and (4.57) are separable for each t; and #; and thus it is
enough to prove convexity of C'(t) = «; (e(ﬁf_T)t — 1) +t. Thus, it is enough to prove
that C"(t) > 0.

The first derivative of C(t) is given as

Cl(t) = Qy ((ﬁj — T) 6(’3j77)t) +1 (AS)
Differentiating it again, we get the second derivative as follows.
C"(t) = oy (B — )" P77 (A.9)

Since a; > 0, C”(t) given in (A.9) is non-negative, which proves the Lemma.

A.8 Proof of Lemma 20

The constraints (3.49) and (4.58) are separable for each each t; and 7;, and thus it
ajeﬁft
o —t

Ly
is enough to prove convexity of E(t) = >7}_, 7sj)\s ( ) — (A + 1) for t < aj.

Thus, it is enough to prove that E”(t) > 0 for t < a;. We further note that it is
eLfBjt

enough to prove that D”(t) > 0, where D(t) = T

Hence, the first derivative of

D(t) is given as

D'(t) = Lf@Lfﬁjt(([fjjtg(Z -]

>0 (A.10)

Note that D'(t) > 0 since «; > t. Differentiating it again to get the second

derivative, we get the second derivative as follows.

” Lfﬁj@Lf’Bjt
D T
(t) (aj . t)L'f+2

1 1

Since a; > t, D”(t) given in (A.11) is non-negative, which proves the Lemma.
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Fig. A.1.: Mean stall duration for 2000 files and different number of servers m
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Fig. A.2.: Weighted stall duration tail probability for different coding with different

video lengths.

A.9 Additional Simulation Figures

In this section, in addition to the variations studied earlier, we will explore the
effects of changing some other system parameters, i.e., the number of servers, the
number of video files, the increase of video request arrival rates, and the code choice
on the stall durations.

Effect of number of servers: Figure A.1 depicts the mean stall duration for
increasing number of servers (12, 24, 36, 48). We note that the mean stall duration
decreases with increase of servers.

Effect of encoding parameters: Figure A.2 depicts the weighted stall dura-

tion tail probability for varying the number of files, and for different choices of code
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Fig. A.3.: Mean Stall Duration for replication-based setup (k = 1). We set m = 24
servers, r = 2000 video files, arrival rate is varied from 1 x A\; to 7 x \;, where ); is
the base arrival rate. The video file sizes are Pareto-based distributed, i.e., can be

anywhere between 1-120 minutes.

parameters. We first note that the weighted stall duration tail probability is higher
for larger number of files. Further, we note that the code with larger n for the same
value of k performs better. This is because larger value of n gives more choice for
the selection of servers. Thus, (11, 6) performs better than (10, 6) and (8,4) performs
better than (7,4). Among (10,6) and (8,4), the additional redundancy is 4. With
the same number of parity symbols, it is better to have larger value of k£ since smaller
chunks are obtained from each server helping stall durations. Since the replication
has k = 1, this analysis thus shows that an erasure code with the same redundancy
can help achieve better stall durations.

Performance with Repetition Coding: Figure A.3 shows the effect of dif-
ferent video arrival rates on the mean stall duration for different-size video length
when each file uses (3,1) erasure-code (which is triple-replication). We compare our
proposed algorithm with the five baseline policies and see that the proposed algo-
rithm outperforms all baseline strategies for the QoE metric of mean stall duration.
Thus, both access and placement of files are important for reducing the mean stall
duration. We see that the mean stall duration of all approaches increases with arrival

rates. However, since the mean stall duration is more significant at high arrival rates,
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Fig. A.4.: Mean stall duration for different number of video files with different video

lengths.
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Fig. A.5.: Stall duration tail probability for different arrival rates for video files
(x =150 s).

we see the significant improvement in the mean stall duration of our approach as
compared to the considered baselines.

Effect of Arrival Rates Figure A.5 demonstrates the effect of increasing work-
load, obtained by varying the arrival rates of the video files from 0.25\ to 2\, where A
is the base arrival rate, on the stall duration tail probability for video lengths gener-
ated based on Pareto distribution defined above. We notice a significant improvement
of the QoE metric with the proposed strategy as compared to the baselines. At the
arrival rate of 2\, the proposed strategy reduces the stall duration tail probability by
about 100% as compared to the random placement and projected equal access policy.

Convergence of Stall Duration Tail Probability Figure A.6 demonstrates

the convergence of our proposed algorithm for different values of z. Considering
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Fig. A.6.: Stall Duration Tail Probability for different number of iterations.
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Fig. A.7.: Mean stall duration for different video arrival rates for 600s video files.

r = 1000 files of length 300s each with m = 12 storage nodes, the stall duration tail
probability converges to the optimal value within less than 200 iterations.

Effect of the Number of Video Files Figure A.4 demonstrates the impact of
varying the number of video files from 100 files to 700 files on the mean stall duration,
where the video lengths are generated according to Pareto distribution with the same
parameter defined earlier (scale of 300, and shape of 2). We note that the proposed
optimization strategy effectively reduces the mean stall duration and outperforms the
considered baseline strategies. Thus, joint optimization over all three variables &, 7,

and t helps reduce the mean stall duration significantly.

A.10 Extension to more streams between the server and the edge router

In this section, we investigate extending the proposed approach to the case when

there are y parallel streams from each server to the edge router. Multiple streams can
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help obtain parallel video files thus helping one file not wait behind the other. We
label the y streams from server j as v; € {1,--- ,y} (graphically depicted in Figure
A.8). The analysis in this work considers only one stream between the server and the
edge router. We now show how the analysis can be adapted when there are multiple
streams. We first note that the scheduling need to decide not only the server j but
also the parallel stream v;. We assume that the parallel stream v; is chosen equally
likely. Further, the multiple streams are obtained through equal bandwidth splits,
and thus the service time parameters would be different for streams as compared to
the server. For instance, the service rate would be a factor of y of the service rate
from the server due to the bandwidth split. Thus, the probability of choosing server

J and stream v; is
Qijow; = i/ Y, (A.12)

where 7; ; is the probability of choosing server j. Using this, we note that the analysis
of download time from a server can be modified to download time from a stream of
a server and the steps can be directly extended. The ordered statistics can use the
above probabilistic scheduling to choose a stream of a server and thus the entire
analysis can be easily extended.

Since the optimization also has the same parameters, we show an improvement of
the mean stall duration with the number of parallel streams in Fig. A.9. The choice
of the number of streams y can be determined by the practical limitations (e.g., num-
ber of ports possible at the server). A more detailed analysis of the parallel streams,
exploiting the flexibility of splitting of bandwidths among the different streams, choos-
ing one of the multiple parallel streams for each video are being considered in the

following chapters.

A.11 TImpact Of Caching

So far, our analysis did not account for caching. In this Appendix, we present

how our model can be extended to accommodate for the impact of caching. Caching



148

_— Cloud Computing/Storage

Users/tenants

Fig. A.8.: An Illustration of a distributed storage system where a server has y parallel

streams to the edge router.
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Fig. A.9.: Mean stall duration for different number of parallel streams.

content at the network edge, closer to the customers, can further help reducing the
stall duration and thus improve the QoE. However, caching the video content has to
address a number of crucial challenges that differ from caching of web objects, see for
instance [87] and the references therein for detailed treatment of this aspect.

There are two methods for caching the video files. The first involves caching the
complete video file (all L; video chunks of file ) at edge routers. The second method
involves caching partial chunks, i.e., L;;, where L;; < L;, for video file ¢. Most of the
current caching schemes cache entire files (for example, hot files). Our analysis can
accommodate both of these methods. In the first method, the video file is entirely
cached, and is thus not requested from the servers. This is equivalent to changing the
arrival rate of these files to zero, i.e., \; = 0. In the second method, only the later
(L; — L;;) are needed from the servers. This can be easily incorporated by requesting
the video of length (L; — L;;), while the first chunk can wait for an additional 7L,
time which can be accounted by adding 7L;; in the startup delay for this file.

Mathematically, we can show that for g € L;; +1,---,L;, where L;; < g < Lj;,
the random download time of the remaining (L; — L, ;) segments from server j is given

as

g
DE =w;+ > v (A.13)

v:Lj,rFI
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Since video file i consists of (L; — L;;) segments stored at server j, the total service

time for video file 7, denoted by S7T; ;, is given as
L;
_ (v)
STy= Y Y (A.14)
’L):Lj7i+1

Hence, the service time of the video files at server j is given by

R; = {STM with prob. A’AL]” Vi (A.15)

where A; is the total arrival rate at server j. Also, we can show that the MGF of the

service time for all video files from server j is given by

. r Niii [ cuiehit (Li—Lj,)
Bj(t) =E[e"] => =t <J—> (A.16)

i1 Aj Oéj —t
Further, the current load intensity at server j, p;, is as follows
: 1
i=1 J

Similar to the previous analysis, since the arrival is Poisson and the service time
is shifted-exponentially distributed, the MGF of the waiting time at queue server j

can be calculated usingthe Pollaczek-Khinchine formula, i.e.,

w1 _ (1 —py)t
SR R VTG A

From the MGF of W; and the service time, the MGF of the download time of segment

g from server j for file 7 is then

L T Y

Having characterized the download time for chunk g, we can then determine the stall
durations and evaluate the QoE metrics as in Equations (A.75) and (3.30). The

details are omitted here as they can easily follow.
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A.12 End-to-End Analysis

In this Appendix, we show how our analysis can be extended to consider the last
hop from the edge-router to the user. If the last hop is considered, the download time

of the chunk ¢ for video file i, if requested from server j can be written as follows

q
(@) _ w , TR
D =W+ Y T
v=1 v

)

where W, is the waiting time in the queue of server j, Yj(” is the service time for

the chunk v, 7 is the chunk size in seconds, R; is the bit-rate for user i, and C;

TR;

T, can be

is the average bandwidth when downloading chunk ¢. Thus, as long as
bounded, this is the additional stall duration (or additional startup delay). In most
wired setups, the capacity for the last hop may not be a bottleneck, and thus this
term is negligible and not varying significantly with ¢q. Even for wireless network in
homes, the average bandwidth numbers are much higher than the video rate, and
thus this additional term may not be a bottleneck. Thus, the analysis can be easily
extended to the last hop. Since the last hop is dependent on the user and the cloud
provider wishes to optimize the system such that it does the best delivery in the part
controlled by the provider, we did not explicitly consider the last hop. However, as
long as the last hop capacity is higher than the data rate of the video, the last hop

does not affect the analysis except a small additional delay.

A.13 Download and Play Times of a Segment not Requested in w;

Since we assume the edge-router index, we will omit ¢ in this section. In order
to characterize the stall duration tail probability, we need to find the download time
and the play time of different video segments, for any server 5 and streams with the
choice of 3; and v;, assuming that they are not requested in w;. The optimization

over these decision variables will be considered in this work.
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A.13.1 Download Times of first L;; Segments

We consider a queueing model, where W-(e) denotes the random waiting time of
all video files in the queue of PSV] before file 7 request is served, and Y, J’f) be the
(random service time of a coded chunk g for file 7 from server j and queue v;. Then,
for ¢ < L;;, the random download time of the first L;; segments g € {1,..., L;;} if

file ¢ from stream PSI(,f’j ) is given as

(9) (e)
D %,J, ij’/] W] vy Z ,j Vj (A.20)

Since video file ¢ consists of L, segments stored at cache server j, the total service

time for video file ¢ request at queue PSI(,f’j ), denoted by ST ;,,, is given as
L],Z

STiju, = ) Yif;fj) (A.21)

v=1

Hence, the service time of the video files at the parallel stream PS,Sj’j ) is given as

R = {ST eLi)  with prob. TPy, (A.22)
JiVj p . A© .

1,3,Vj (
9y
We can show that the moment generating function of the service time for all video

files from parallel stream PSI(,f’j ) is given by

L. .
r o [ (e et
e tR) AT jDi, ',ulek’w’ o, e’
B, (1) = Bl ) = S0 S | SR (A.23)
=1 WAZi j vj

Further, based on our 2-stage scheduling policy, the load intensity at PS,(,f’j ) is as

follows
(e) _ Ale) ple)
Pia; = Ny Bjw; (0) (A.24)
— - /\iwiL (e) 1 A
= Z NiTi jDi g, € i\ My T NC] (A.25)
i=1 .

Since the arrival is Poisson and the service time is shifted-exponentially dis-

tributed, the moment generating function (MGF') of the waiting time at queue PSy; (e:d)

can be calculated usingthe Pollaczek-Khinchine formula, i.e.,
(e)
(e) 1—p:) )t
E {etwjv”j} = Ee) p(ij)]) (A.26)
t— Aj,uj(Bj,z/j (t) - 1)
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From the MGF of Wj(f,)j and the service time, the MGF of the download time of

segment g from the queue PS,Sf’j ) for file i is then

©) (@ o\’

(9) 1—p: )t o, e

E |:€tDZ R R ]:| = Ee) p(jcj) ]) J(e) <A27)
t— AM(BJ-’V]_ (t)—1) o, — 1

We note that the above is defined only when MGFs exist, i.e.,

t < a9 (A.28)
Jij :

0 < t—AY (B (t)—1) (A.29)

A.13.2 Download Times of last (L; — L;;) Segments

Since the later video segments (L; — L, ;) are downloaded from the data center, we
need to schedule them to the §; streams using the proposed probabilistic scheduling
policy. We first determine the time it takes for chunk g to depart the first queue (i.e.,
B, queue at datacenter). For that, we define the time of chunk g to depart the first
queue as

EZ'(Z'?ﬁj - Jﬁ] + Z J(g’]v ’ (A.30)

v=L;+1
where W9 s is the waiting time from PS (@3) for the earlier video segments, and Y (d v)
is the service time for obtaining segment v from the queue of PSéj . Using smnlar

analysis for that of deriving the MGF of download time of chunk ¢ as in the last

section, we obtain

@ 4\ 9 Lji—1

@) n
E { tEng)zﬂ} = (- JBJ) 5" (A.31)
d ; .
t— A (B ) —1) \ o) —t
where the load intensity at queue f3; at datacenter, P;-fgj
i Wi d 1
pJ BJ Z Ai iT4,54i,5,8;€ )\ ' <Ll - Lj:i) <n§76)] + W <A32>
5.8
@ N\ Li—Lja
r Ly (d) 77
)\AT[—, () - _eAzwz J/BJ
(d) 4y _ imi,j4i.5,8 Q;5,€
Bjﬁj (t) - Z A(d) - (dj) i (A.33)

i=1 5,8 5.8
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To find the download time of video segments from the second queue (at cache
server j), we notice that the download time for segment ¢ includes the waiting to
download all previous segments and the idle time if the segment g is not yet down-
loaded from the first queue (PSL(_,‘:J ))7 as well as the service time of the segment
from Psg’j ), Then, the download time of the video segments from the second queue
(i.e.,PSg’j )) can be derived by a set of recursive equations, with download time of

the first (initial) segment (L;; + 1) as

D) = max(WD Bty 4y Gty (A.34)

7'7‘77/3]'71/3 Js ]6] 7,8 j

where Wﬁ?g is the waiting time from queue PS g’j ) for the previous video segments,
and ijg;v) is the required service time for obtaining segment v from the queue of
Psg’j ). The download time of the following segments (¢ > L;; + 1) is given by the

following recursive equation

(9)

i?j?ﬁjﬂjj

-1 d,
= max(D,), (B9, )+ Y50, (A.35)

With the above recursive equations from y = L;; to y = g, we can obtain that

(9) g
Diiy0; = o Uiji.9:: (A.36)
where
g
_ )
Ui?jnijg7Lj,i - J Z ’ﬁj (A-37)
h=L;,

Similarly, for y > L;;, we have
(d,h)
Ul7]7ﬁj7g Yy E(Z75J + Z Yj ﬁj . (A-38)

It is easy to see that the moment generating function of U; ;5. 4, for y = L;; is

given by
@ \ 9 Li

d
S e

& , (A.39)
%, (B3, ()~ )\ o, —1

]E[etUlj,BJ qL]Z] — (
t— Al
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where the load intensity at queue (3, at cache server j, p%)j is given by

" = 1
o d
= Nimijige, e (Li— Lya) [ n\9, + 3 (A.40)
@ =L
r W5 (d) n',B-t
—. )\7]- q . ‘€>\’Lw1 (A 1Pj
a iTi,i i3, 8
By () =Y = Aé) ; j(dJ) (A-41)
i=1 j7ﬁj .7 /Bj - t

Similarly, the moment generating function of U; ;. 4., for y > L;; is given as

]E[etUi,jﬁngxy] — nggj X

—Lj;;—1 _ g—y+1
Q@ i\ @ e
]7BJ ]ﬁj (A 42)
RO @ _y '
() () _ (=BG @ .
where W 3 W 8, = I— . We further note that these moment generating

=S, <B§7§< )=1)
functions are only defined when the MGF functions exist, i.e.,
d d
t<al®: 0<t—AY (BY) ) -1) (A.43)

d d
t<all; 0<t—AYD (BY ) -1 (A.44)

A.13.3 Play Times of different Segments

Next, we find the play time of different video segments. Recall that Dl(‘?ﬁ v is
the download time of segment g from v; and ; queues at client <. We further define
Ti(g?ﬂj% as the time that segment g begins to play at the client ¢, given that it is
downloaded from 3; and v; queues. This start-up delay of the video is denoted by d;.
Then, the first segment is ready for play at the maximum of the startup delay and

the time that the first segment can be downloaded. This means

7'7]76j7”j

T{}),,, =max (dy, DYy, ). (A 45)

For 1 < g < L;, the play time of segment g of video file 7 is given by the maximum

of (i) the time to download the segment and (ii) the time to play all previous segment
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plus the time to play segment g (i.e., 7 seconds). Thus, the play time of segment
g of video file 7, when requested from server j and from v; and 3; queues, can be
expressed as

-1
T, =max (T4), +7.D9; ). (A.46)

4,5,85,V; ,5,85,
This results in a set of recursive equations, which further yield by
(L) (Li—1) (Li)
E:j:ﬁjzyj = max (iz—‘ivjngj»l/j + 7—7 DZ:]:ﬁ]v”j)

= max <T(Li72) +2r, D&Y 4 piEd) )

Z‘yjqu»l/j i7j75j7yj iujaﬁjﬂ’j

Li+1 z—1
=max (ds + (L; — D), niax Dl(’jﬁj)’yj + (Li—z+ 1)7’)
= l’lﬁéjl}l( Evjaﬁj?”jvz (A47)

where F; ;5. ., - is expressed as

ds+ (L; = 1)7 z=1
Fijbiwiz = (A.48)
Dz(zj_ﬁi)% +(Li—z+ 1)1 1<2<1I;

We now get the MGFs of the F; ;. 5. . to use in characterizing the play time of the
different segments. Towards this goal, we plug Equation (A.48) into E [etf i*f*"jﬁﬁ]

and obtain

E [et]:i,j,uj,ﬁj,z:| — <A49)

ds+(L;—1)7)t

el ,z=1

(z—1)
e(Li—z+1)Tt R {etDi»jﬁjv“j} 1<z2< (Li + 1)

where E [etDEZ";;’”J} can be calculated using equation (A.27) when 1 < z < (L;; + 1)
and using equation (A.42) when z > L;; + 1.

The last segment should be completed by time ds+ L;7 (which is the time at which
the playing of the L; — 1 segment finishes). Thus, the difference between the play
time of the last segment Tl(]L’B)JV] and dg + (L; — 1) 7 gives the stall duration. We note

that the stalls may occur before any segment and hence this difference will give the
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sum of durations of all the stall periods before any segment. Thus, the stall duration

for the request of file ¢ from 3; queue, v; queue and server j, i.e., F( BB5vi) g given as

Fg‘a‘ﬁjvw) (O dy—(Li— 1)1 (A.50)

,7,85,V;
Next, we use this expression to derive a tight bound on the SDTP.

A.14 Proof of Lemma 15

From (5.17), we can get

max (eh (ng’)' E), 1) 0<t<w

ehilior L (A.51)
h_F(i,]',ﬁjan) ~
et u t; > w;
By taking the expectation of both sides in (A.51), we can write
() 7 ~
(i) I+ E {6h1<rt°t t)] 0<1t <w;
E [ T g, } L , (A.52)
03,85, ~
E[€h iy e ] t; > w;

where the expectation in the second case is over the choice of (j, 8}, v;) in addition to
the queue statistics with arrival and departure rates. Since the arrivals at edge-cache
of video files are Poisson, the time till first request for file i, i.e., #;, is exponentially

distributed with rate \;. By averaging over ¢;, we have

E [eMhi] < /(1+E{ (rio- ?)D R (A.53)
0

o0

(wﬁ] Vi) ~ o~
/ NE[e" Je= i dt;

wi

Performing the integration and simplifying the expressions, we get
p(905:v)
E |:eh Fio{t] S (1 _ ) +E |: J:Bj v :| 67/\114]»;

ME [ehifiil}

TN

(1 _ e*(/\ﬁrhi)wi) (A.54)
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This can be further simplified as follows.

(1 — e_)‘i“’i) + e MR [

L= >\1+h (1 — e~ (Qithiei)

(w Bj, J)]

b b

I
X
+
N

(4,3,85,v5)
E [ehifu ] (A.55)

where (a) and (b) follow by setting ¢ = 1—e i, q = e b = 1—)\ vy (1- e(’\ﬁhi)”i)] ,
(3,875

¢ =c/band a = a/b. We also recall that the expectation in E [ehirvj Y } is over

the choice of (j, 8;,v;) and the queue arrival/departure statistics.

A.15 Proof of Lemma 17

We have

i tZ'DEU.) oo .
E|e Wwwj,vj)]

—
S
N

Y R —eti(maXZ:Lj,i Ui,j,ﬁj,g,y)’(j’ ﬁja Vj>:|

E IIlQE}lX etiUi,]',Bjﬂvyl(j, Bjyyj):|
| y=Lyj,i
v

= & i)

y=L;

IN

i
— F|etiViiser,

(J, 53»%‘)} +

° ( pj ﬂj)
@ (B x
w—L;,;—1 -~ = v—w—+1
MO SR N TR W
al® (d) ’ '
]7ﬁ] (3 &]7B]7£ - tl
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where (a) follows from (A.36), the inequality above follows by replacing the max,(.)
by >_,(.). Moreover, the last step follows from (A.42). Hence, we can write

tiD(U.) . .
e[

a 2 1D
-l e

= © [ p@ @
t—Ajs (Bjg (1) —1) \O‘jﬁj —1

v (d)
Z (1 - pj,,é’j)ti %
t; — AL (BY) (t:) — 1)

4 w—"Lj;—1 _ 7 v—w+1
d 1% 7 @ %
Q. 5 € J oL e J
Jﬂj ij (A 57)
a(d) — t; Oé(d) —t ’
7,85 v 7,B; ¢

this proves the statement of the Lemma.

A.16 Proof of Theorem 5.4.1

The SDTP for the request of file i can be bounded using Markov Lemma as follows

E |:6hi ng)t :|

P (ri?t > a) < — (A.58)

This can be further simplified as follows
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(Ly)
~ —h: ~ _h: hi (1% —(ds+(Li—1)T
—Ce Mo 4 Ge MR [e il 3,857 (ds+(Li=1) ))1

p)
+ Z ehi(Li*U)TE |:eh1Di,jaﬁjan:|) <A59)

where F 5, ... and D;vj?ﬁm are given in Appendix A.13 in Equations (A.48) and
(A.27), respectively. Further, (c¢) follows from (5.18), (d) follows from (A.47) and
by setting ¢ = ce M, @ = ge hile+dHLi=D7) " (¢) follows by upper bounding the
maximum by the sum, and (f) follows from (A.48). Using the two-stage probabilistic
scheduling, the SDTP for video file ¢ is further bounded by

m €5
t4agehildtli-1m) 4 7 Z oy Z Pijw,
j=1 v;=1

' (Li—o)r hDY
> qijs Y TR [ 85 | (5, B, w)} . (A.60)
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Using Lemmas 16 and 17 for E [ehiDﬁv) (4, B, I/j)], we obtain the following.
Pr(Ify > o) <
5
S Yo (Z (b= [e#2H] ¢

vj=1 B;=1

z]i tilli—v)TR [etiD@] ) ]

(QZ% y

j=1

pru] Z 4i,j,8, <Z PilkimT

vj=1 B;=1

(1= P\ t(M) (k)

J,Vj

© [ @ +
hi — Aj,ﬂj (ij(hi) -1

(Li—o)r d o
im0 (1 — ol ), (M]5) (hi)) o

¢+ qehildstLimln) g

ctaeh®BHEimln L g x

_|_

(1 — pl ) )t (M;"Qj(hi))w—Lj,i_l )]
[h = A, (Bg(dg (hi) — 1)} (M (hyyw-tit

1,95
= E T X
=1
€; d;
h;L;T
pi:j:’/' qlzjzﬁe X
J J

T+ gehidstLi-1m) 4 7«

vi=1 Bi=1
(M’@ (h)(1 = S )Ea((MLS) (hy)) s — 1)
(hi — Al <B<€>< hi) — >>< 1<hi>>—1)
(1- p§5>< @ ()it L
+ @ +
hi — A (BY) (h) = 1) T
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v . (d) Lit+1/7(dd) (1 \\yw
5 (1= p\9 (M (hy) <~Mﬂ (hi)) )} Ao
oo A, (B9, (he) = 1)] (VL9 () o
—Z%X ?+ aehildst@i=1n) | gy
ZJ Pi g, ZJ di,j,8; e T x
vi=1 B;=1
(M““ (h)(1 = S (M) (hi)) s = 1)
(hi = AY) (B, (hi) - ) M5 (hi)) = 1)
(1- p§,6]>< ) (hy))bo L
d) T
hi = A (B i, (i) = 1)
(1—pi ) <M;‘2 (h, >>L o )
[hi—A]dB)] (B (h 1)} @) (hg))ast
((M(,dﬁjd)(h ))Li Bii —(L; — Lj,z‘)+
(M5 (h)) — 1
MD () (V4D (1)) eeEai—t — 1
)] e
(M40 (hy)) — 1

where step (f) follows by substitution of the moment generating functions, and
the remaining of the steps use the sum of geometric and Arithmetico-geometric se-

quences. Note that the subscript ¢ is omitted in the above derivation for simplic-

M) (h) =g (L), (ha)3i—1) o (=p )6 (L), (hi)) 9~
5 —

(hs A@ (B@( hi) - ))(M“)( -1 h=AS) (B (hi)—1)

Y

ity. Further, 6(

(S(d’g) (d) (J"Zj(i-}d)( )T (L L 9] (d,d) (dd) » ( (h)((M<dd)(h NEhi—Lji= 1—1) 4
=¥ (qu’d)(hi))f 5 ,9,85 5 1,5.8; (Mg(d d)( hi))—1 an
’ ]
(1— p(d)) (M(E),(hi))Li+1 N j,,B-*hz‘T o

(d) _ B 5,8 1 7(d) N “5,6;¢ (d) N —

i [hi=AS% (B“) L (h)=D] ([ (hi) P Further, M; 5, (hi) = N  Mjg, (i)
)
a(;) e"j,ﬁjfh“— . a(a) e”j,uj_hiT
J’Bjo — M ](fj)](hz) = ”J(e)—h This proves the statement of the Theorem.
.85 Xy
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A.17 Sub-problems Optimization

In this section, we explain how each sub-optimization problem is solved.

Server-PSs Access Optimization

Given the bandwidth allocation weights, the cache placement, edge-cache window
size, and the auxiliary variables, this sub-problem can be written as follows.

Input: h, w, w, and L

Objective: min (5.34)

s.t. (5.35)— (5.38), —(5.40)— (5.43)
var.

In order to solve this problem, we use iNner cOnVex Approximation (NOVA)
algorithm proposed in [57]. The key idea for this algorithm is that the non-convex
objective function is replaced by suitable convex approximations at which convergence
to a stationary solution of the original non-convex optimization is established. NOVA
solves the approximated function efficiently and maintains feasibility in each iteration.
The objective function can be approximated by a convex one (e.g., proximal gradient-
like approximation) such that the first order properties are preserved [57], and this
convex approximation can be used in NOVA algorithm.

Let /U;(?r,?r”) be the convex approximation at iterate 7¥ to the original non-
convex problem U (7), where U (7) is given by (5.34). Then, a valid choice of
U (7;w") is the first order approximation of U (7), e.g., (proximal) gradient-like
approximation, i.e.,

—

U, (7,7) = VU (7)) (7 — &) + % 17 — 7|2, (A.63)

where 7, is a regularization parameter. Note that all the constraints (5.35)— (5.38)
are separable and linear in 7, j ;. The NOVA Algorithm for optimizing 7 is described
in Algorithm 3. Using the convex approximation U, (7v; ), the minimization steps

in Algorithm 3 are convex, with linear constraints and thus can be solved using a
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projected gradient descent algorithm. A step-size (7) is also used in the update of
the iterate w”. Note that the iterates {m"} generated by the algorithm are all feasible
for the original problem and, further, convergence is guaranteed, as shown in [57] and
described in lemma 21.

In order to use NOVA, there are some assumptions (given in [57]) that have to be
satisfied in both original function and its approximation. These assumptions can be
classified into two categories. The first category is the set of conditions that ensure
that the original problem and its constraints are continuously differentiable on the
domain of the function, which are satisfied in our problem. The second category is
the set of conditions that ensures that the approximation of the original problem is
uniformly strongly convex on the domain of the function. The latter set of conditions
are also satisfied as the chosen function is strongly convex and its domain is also
convex. To see this, we need to show that the constraints (5.36)—(5.40) form a convex
domain in 7 which is easy to see from the linearity of the constraints. Further details
on the assumptions and function approximation can be found in [57]. Thus, the

following result holds.

Lemma 21 For fixred h, w, w, and L, the optimization of our problem over 7 gener-
ates a sequence of decreasing objective values and therefore is guaranteed to converge

to a stationary point.

Auxiliary Variables Optimization

Given the probability distribution of the server-PSs scheduling probabilities, the
bandwidth allocation weights, edge-cache window size, and the cache placement, this
subproblem can be written as follows.

Input: 7, w, w, and L

Objective: min (5.34)

s.t. (5.35), (5.40)—(5.43),

var. h
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Algorithm 3: NOVA Algorithm to solve Server Access and PSs selection

Optimization sub-problem

1. Initialize v = 0, k = 0,7” € (0,1], € > 0,7 such that 7 is feasible ,
2. while obj (k) —obj(k—1) > ¢
3. //Solve for ® 1 with given 7

4. Step 1: Compute 7 ("), the solution of 7 (7") =argmin U (7, 7") s.t.

(5.35)—(5.38), (5.40)—(5.43) solved using projected gradient descent
5. Step 2: @ =7+ (7 (7)) - 7).
6. //update index
7. Set v+ v+1
8. end while

9. output: 7 (7")

Similar to Server-PSs Access Optimization, this optimization can be solved using
NOVA algorithm. The constraint (5.40) is linear in h. Further, the next Lemma

show that the constraints (5.41)— (5.43) are convex in h, respectively.
Lemma 22 The constraints (5.41)—(5.43) are convex with respect to h.
Proof The proof is given in Appendix A.18. [ |

Algorithm 4 shows the used procedure to solve for h. Let U (h; h”) be the convex
approximation at iterate h” to the original non-convex problem U (h), where U (h) is
given by (5.34), assuming other parameters constant. Then, a valid choice of U (h; h*)

is the first order approximation of U (h), i.e.,
U (h,h*) = ViU (h*)" (h — h*) + % | — k"% (A.64)

where 7, is a regularization parameter. The detailed steps can be seen in Algorithm

4. Since all the constraints (5.40)— (5.43) have been shown to be convex in h, the
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Algorithm 4: NOVA Algorithm to solve Auxiliary Variables Optimization

sub-problem

1. Initialize v = 0, v* € (0, 1], € > 0, h® such that k' is feasible,

2. while obj (v) —obj (v —1) > ¢
3. //Solve for h**1 with given h”

4. Step 1: Compute h (h"), the solution of h (t") =argmin U (h, h"), s.t.
h
(5.35), (5.40)—(5.43), using projected gradient descent

5. Step 2 B = h” 497 (R (R) — b)),
6. //update index

7. Set v+ v+1

8. end while

9. output: h (h")

optimization problem in Step 1 of Algorithm 4 can be solved by the standard projected

gradient descent algorithm.

Lemma 23 For fized 7w, w, w, and L, the optimization of our problem over h gen-
erates a sequence of monotonically decreasing objective values and therefore is guar-

anteed to converge to a stationary point.

Bandwidth Allocation Weights Optimization

Given the auxiliary variables, the server access and PSs selection probabilities,
edge-cache window size, and cache placement, this subproblem can be written as
follows.

Input: 7, L, w, and h

Objective: min (5.34)
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s.t. (5.35)—(5.37), (5.40)—(5.43),
var. w
This optimization problem can be solved using NOVA algorithm. It is easy to
notice that the constraints that exist in (5.35)— (5.37) are linear and thus convex
with respect to w. Further, the next two Lemmas show that the constraints (5.40)—

(5.43), are convex in w, respectively.
Lemma 24 The constraints (5.40)—(5.43) are convex with respect to w.
Proof The proof is given in Appendix A.18. [ |

Algorithm 5 shows the used procedure to solve for w. Let U, (w;w") be the
convex approximation at iterate w to the original non-convex problem U (w), where
U (w) is given by (5.34), assuming other parameters constant. Then, a valid choice

of U, (w; w") is the first order approximation of U (w), i.e.,
T Tw 2
Uy (w,w”) = Vy,U (w”)" (w—w") + 5} |lw—w”|". (A.65)

where 7; is a regularization parameter. The detailed steps can be seen in Algorithm
5. Since all the constraints have been shown to be convex, the optimization problem
in Step 1 of Algorithm 5 can be solved by the standard projected gradient descent

algorithm.

Lemma 25 For fired w , h, w, and L, the optimization of our problem over w
generates a sequence of decreasing objective values and therefore is guaranteed to

converge to a stationary point.

Cache Placement Optimization

Given the auxiliary variables, the server access and PS selection probabilities,
edge-cache window size, and the bandwidth allocation weights, this subproblem can

be written as follows.
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Algorithm 5: NOVA Algorithm to solve Bandwidth Allocation Optimiza-

tion sub-problem

1. Initialize v = 0, v € (0,1], € > 0, w® such that w" is feasible,
2. while obj (v) —obj (v —1) > €
3. //Solve for w! with given w”

4. Step 1: Compute @ (w”), the solution of @ (w") =argmin U (w, w"), s.t.
b

(5.35)—(5.37), (5.40)—(5.43), using projected gradient descent
5. Step 2: w'! = w’ + 9 (w (w”) — w").
6. //update index
7. Set v+—v+1
8. end while

9. output: w (w")

Input: 7, h, w and w
Objective: min (5.34)
s.t. (5.35)— (5.38), (5.39), (5.41)— (5.43)
var. L

Similar to the aforementioned Optimization sub-problems, this optimization can
be solved using NOVA algorithm. Constraints (5.36)— (5.38), are linear in L, and
hence, form a convex domain. Also, Constraint (5.39) is relaxed to have it convex.
Furthermore, the constraints (5.41)- (5.43) are convex as shown in the following
Lemmas in this subsection.

Algorithm 6 shows the used procedure to solve for L. Let Uy (L; L") be the

convex approximation at iterate L” to the original non-convex problem U (L), where
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Algorithm 6: NOVA Algorithm to solve Cache Placement Optimization

sub-problem

1. Inmitialize v = 0, 7 € (0,1], e > 0, L such that L" is feasible,

2. while obj (v) —obj (v —1) > ¢
3. //Solve for L** with given L”

4. Step 1: Compute L (L"), the solution of L (L") =argmin U (L, L"), s.t.
L
(5.36)—(5.38), (5.39), (5.41)—(5.43), using projected gradient descent

5. Step 2: L' = L” 4+ 4" (i (L") — L”).
6. //update index

7. Set v+ v+1

8. end while

9. output: L (L")

U (L) is given by (5.34), assuming other parameters constant. Then, a valid choice

of Ur, (L; L”) is the first order approximation of U (L), i.e.,
U, (L, L") =V U (L") (L — L") + % IL—L”|?. (A.66)

where 77, is a regularization parameter. The detailed steps can be seen in Algorithm
5. Since all the constraints have been shown to be convex in L, the optimization
problem in Step 1 of Algorithm 5 can be solved by the standard projected gradient

descent algorithm.

Lemma 26 For fired h, ™, w and w, the optimization of our problem over L gen-
erates a sequence of monotonically decreasing objective values and therefore is guar-

anteed to converge to a stationary point.
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Edge-cache Window size Optimization

Given the server access and PS selection probabilities, the bandwidth allocation
weights, the cache placement, and the auxiliary variables, this sub-problem can be
written as follows.

Input: h, w, 7w, and L

Objective: min (5.34)

s.t. (5.35)—(5.38), (5.41)—(5.43)
var. w

similarly, this optimization can be solved using NOVA algorithm. It is easy to
show that Constraints (5.36)—(5.38), are convex in w, and hence, form a convex
domain. Further, the constraints (5.41)—(5.43) are convex as shown in Lemma 27.

Algorithm 6 shows the used procedure to solve for w. Let U, (w;w") be the
convex approximation at iterate w” to the original non-convex problem U (w), where
U (w) is given by (5.34), assuming other parameters constant. Then, a valid choice

of U, (w;w") is the first order approximation of U (w), i.e.,
T Tw 2
Uy (w,w”) =V, U (W) (w—w”)+ 5 lw —w”||”. (A.67)

where 7, is a regularization parameter. The detailed steps can be seen in Algorithm
5. Since all the constraints have been shown to be convex in w, the optimization
problem in Step 1 of Algorithm 5 can be solved by the standard projected gradient

descent algorithm.

Lemma 27 For fired h, 7, w and w, the optimization of our problem over w gen-
erates a sequence of monotonically decreasing objective values and therefore is guar-

anteed to converge to a stationary point.

Proof The proof is provided in Appendix A.18. [ ]
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Algorithm 7: NOVA Algorithm to solve Edge-cache window size optimiza-

tion sub-problem

1. Initialize v = 0, v € (0,1], ¢ > 0, w” such that w" is feasible,
2. while obj (v) —obj (v —1) > €
3. //Solve for wTt with given w”

4. Step 1: Compute @ (w”), the solution of & (w”) =argmin U (w,w"), s.t.
(5.36)(5.38), (5.39), (5.41)(5.43)

using projected gradient descent
5. Step 2: w' = w’ + 9" (@ (W”) — W").
6. //update index
7. Set v+—v+1
8. end while

9. output: @ (w")

A.18 Proof of Results in Appendix A.17
A.18.1 Proof of Lemma 22

The constraints (5.41)—(5.43) are separable for each h; and due to symmetry of the

three constraints it is enough to prove convexity of E(h) = 37 7f;qsj8,Are <L

a—h;

)Lf—Lj,f
(Ajﬁj + hi), assuming that the edge router ¢ is unfold, without loss of generality.
Thus, it is enough to prove that E”(h) > 0. We further note that it is enough to

Ly-L,
prove that D”(h) > 0, where D(h) = ( a )

h

a

v ) )
p— . This follows since
T

!/

D'(h) = (Lg = Ljp)(1 = =)~ x (1/a) > 0 (A.68)

" h
D(h) = (L} = Ljy+ Ly = Ljp)(1 = ="

x (1/a*) >0 (A.69)
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A.18.2 Proof of Lemma 24

The constraint (5.41)—(5.43) are separable for each afﬁ)j, a%j and ozg-izj, respec-

tively. Note that we omit the subscript ¢ for simplicity, w.l.o.g. Thus, it is enough to

prove convexity of the following three equations

r @ Ly—Lj s

d —Ajw; J,Bj d

Ex (0‘;/3) - Z T1iAfdf.5.8;€ (a“‘”—]h> - (Ag.,gj + h)
f=1

r (d) Ly—Ljys
a) —\iw; a]vﬁ 8)
EQ(O‘§',/3J~) =D TArdrise & . - (Ag,ﬁj + h)
f=1 O T h
T a(e) Ly—=Ljy
Ey(af)) = Y TriAppme (+) = (AL, + 1)
f:1 aj,Vj - h

©

He respectively. Since there is only a single index

d
for h < Ozéﬁ)j_, h < aj(.’cgj, and h < «
J, B, and v;, here, we ignore the subscripts and superscripts for the rest of this proof
and prove for only one case due to the symmetry. Thus, it is enough to prove that
EY(a) > 0 for h < . We further note that it is enough to prove that D} («) > 0,

where Dy(a) = (1 — g)L“‘*Li. This holds since,

D (@) = (Lys = L)1 = )b (1) (A7)
Dy(e) = ((Lji — Li)* = Lj; + Li)(1 — S)LmLmX
(h/a”) = 0 (A.71)

A.19 Mean Stall Duration

In this section, a bound for the mean stall duration, for any video file , is provided.
Since probabilistic scheduling is one feasible strategy, the obtained bound is an upper

bound to the optimal strategy.
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Using equation (A.50), the stall duration for the request of file ¢ from ; queue,
Fg’jaﬁjvyj)

v; queue and server 7, is given as
4,5,85,V; L;
rygt) =) —d— (Li—1)7 (A.72)

An exact evaluation for the play time of segment L; is hard due to the dependencies
between F; ;.. 3,. (i.e., equation (A.48)) random variables for different values of j,
vj, B; and z, where z € (1,2,...,L; +1). Hence, we derive an upper-bound on the
playtime of the segment L; as follows. Using Jensen’s inequality [60], we have for

gi>07

) <E {efﬁ i } . (A.73)
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Thus, finding an upper bound on the moment generating function for TZ»(Li)

will
lead to an upper bound on the mean stall duration. Hence, we will now bound the

moment generating function for TZ-(Li). Using equation (A.62), we can show that

L m
E |:6giTi( ):| < Zﬂ-i’j X

G4 qesidetLizlm) g %

=1
& d;

: :pl,],l/] : : qla]?ﬁje X

Vj:1 B]—l

(M;iiwz)( )gi(( M(gz)) ‘1)
(g: — AV (BY), <gz> D)(M?) (g:)) — 1)
(

d) d) )
(1_p§,8) ( GV gl)) pi—Li
) +

d) d
Aéﬁg( y(ﬁ;<9%) 1)
(1= P\ )M (g >>L+1
(d ) (d i
|:gz A] 6] BJ BJ ) ] ]/8] J o

((Mi%j” (g)) -t — (L — Lj,»+
(MG ><gz>>—1

(dd ( ]%jd) Li—Lji— 11>)>]
(M5 (g:)) —

= Z mi x MyY (A.74)

Substituting (A.74) in (A.73), the mean stall duration is bounded as follows.

Theorem A.19.1 The mean stall duration time for file i is bounded by

E [0 —log <wa( +M”)>) (A.75)

e d €
Jor any t; > 0, pﬁ-,ﬁ,e <1, Pﬁﬁ) (<1, and pgzgj,f

the involved MGF's exist,Vj,v;, ;.

<1 and

We note that for the scenario, where the files are downloaded rather than streamed,

a metric of interest is the mean download time. This is a special case of our approach
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when the number of segments of each video is one, or L; = 1. Thus, the mean

download time of the file follows as a special case of Theorem A.19.1.

A.20 Online Algorithm for Edge-cache Placement

We note that for the setup of the edge cache, we assumed that the edge-cache
has a capacity of C., seconds (ignoring the index of the edge cache). However, in
the caching policy, we assumed that a file f is removed from the edge cache ¢ if it
has not been requested in the last wy, seconds. In the optimization, we found the
parameters wy g, such that the cache capacity is exceeded with probability less than
€,. However, this still assumes that it is possible to exceed the cache capacity some
times. This is, in practice, not possible. Thus, we will propose a mechanism to adapt
the decision obtained by the optimization formulation so as to never exceed the edge
cache capacity.

When a file 7 is requested, the last request of file ¢ is first checked. If it has not
been requested in the last w;, seconds, it is obtained from the CDN. In order to do
that, the space of the file is reserved in the edge-cache. If this reservation exceeds
the capacity of the edge-cache, certain files have to be removed. Any file f that has
not been requested in the last ws, seconds is removed from the cache. If, even after
removing these files, the space in the edge-cache is not enough for placing file ¢ in
the edge-cache, more files must be removed. Assume that H is the set contains all
files in the edge-cache, and t;;, is the last time file f has been requested. Then, if
another file needs to be removed to make space for the newly requested file, the file
argmin.q, (s, + wyse — t;) is removed. This continues till there is enough space for
the new incoming file. Note that multiple files may be removed to make space for
the incoming file, depending on the length of the new file. This is similar concept
to LRU where a complete new file is added in the cache, and multiple small files
may have to be removed to make space. The key part of the online adaptation so as

not to violate the edge-cache capacity constraint is illustrated in Figure A.10. This
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I Request for file i at time ti I

First request
for file i

edge-cache
has
space?

Place file i at

edge-cache and
serve user’s

request

No for file i from

edge-cache

Remove file j that

Serve request for has the smallest
filei from .
top storage ar§£1n<tf,lf +wre—ti)
levels (i.e., its window will
expire first before any
other file)
1

Fig. A.10.: A flowchart illustrates the online updates for an edge-cache when a file 7 is
requested at time ¢;. Here, ty;, represents the time of the last request of file 4, and H is the

index set of all video files in the edge-cache.

flowchart illustrates the online updates for an edge-cache when a file 7 is requested at
A.21 Extension to Different Quality levels

In this section, we show how our analysis can be extended to cover the scenario

when the video can be streamed at different quality levels. We assume that each video
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file is encoded to different qualities, i.e., @ € {1,2,--- ,V}, where V is the number
of possible choices for the quality level. The L; chunks of video file i at quality
Q are denoted as G; g1, -+ ,Gig,r,- We will use a probabilistic quality assignment
strategy, where a chunk of quality @) of size aq is requested with probability b; o for
all @ € {1,2,---,V}. We further assume all the chunks of the video are fetched at
the same quality level. From Section 5.3.3, we can show that the for a file of quality
@ requested from edge-router ¢, we choose server j with probability WZ(?)K Further,

we can show that the aggregate arrival rate at PSBj’] ), PS/gd% , and PS ’;), denoted

as A\ B A % p,and A respectively are given as follows.

A‘gﬂdﬁ)] - Z Z Ai ﬂ-z] q@,] ﬂ] ] <A76)

Jvi o

i=1 Q=1
(e _ d

AE?’EJ - Z )\ Trzg ng Vj i (A?S)

i=1 Q=1

Similarly, we can define
o' Q) (@) dQ)
Jﬂ; =Wy Bj Q; ) (A-79)
Q) _  (d)  (f;Q) Q) _ (e _(f5,Q)

a5 = wmjjzajj ;G = Wi, O e (A.80)

for all 3;, v;, @, and £. Note that 045»"@) = ag') /ay where alpha? is a constant service
time parameter when a, = 1. We further define the moment generating functions of
the service times of PS[(,jj’j’Q), PSg:Z’Q), and PS,E?Z’Q) as M(d @) M](%Qz, and M]ifg),

which are defined as follows.

il (A.81)
3Byt @) :
Qj8; t
(d, Q)
@Q)
@@ _ Yisnee " (A.82)
bt N ‘
j:Bj? -
(e,Q)
1ye@) _ gt ’ A.83
VRZ2B 2 (‘e Q) " ( . )
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Q) _ ()

where 7, = n,;” x a, where etag-;)

' is a constant time shift parameter when a, = 1.
Following the same analysis as in Section 5.4, it is easy to show that the stall duration

for the request of file ¢ at quality @ from §; queue, v; queue and server j, if not in
( ’.7 :8]’ ]:Q)

the edge-cache, i.e., I'; is given as
@ = @ g, — (L — 1) (A.84)

This expression is used to derive tight bounds on the QoE metrics. By simplifications

and some algebraic manipulation,the following theorems can be derived.

Theorem A.21.1 The mean stall duration for video file 1 streamed with quality Q)
requested through edge router ¢ is bounded by

A 1 m o
,4,Q (Z) (17]76)
B[r¢49) < —iog (} ' (1+ )) (A.85)

J=1

where:

gLT
Z pw vit Z qw /33, '

vj=1 Bi=1
( M9 (g:) (1 = p) )gi (M5 D (gi)) B — 1)
(g BY) (g:) — D)%) (g:)) — 1)

()

(
gi — ]fBJ( 7,8
(1= p\D )gi( M52 (gi)yFai—t
N (d) ¢ p(d) +
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(A.86)

and ¢, a, and @ are defined earlier in Section 5.4, e.g., equation (5.18).
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Theorem A.21.2 The stall duration tail probability for video file i requested at qual-
ity Q and through edge router £ is bounded by

Pr(ri@ 2 o) <
Z Tid, 15 X

] _ _
Bj=1

0
= -~ —hi - (Q)
Cet+ape U_{_aEZpi’j’yj’ZX

vj=1

for pgflﬁ)j < 1, p%ﬁg <1, ,ofgjj < 1, where the auziliary variables in the statement of

the Theorem are similarly defined as those in equations (5.22)-(5.33).

Having derived the MSD and SDTP, one can formulate a constrained optimization

problem to jointly optimize a convex combination of all QoE metrics as follows

min Zz 1D i
Sy 52 (6y x Pr(I04

[91 (ZQ 1 zZLz’aé) +
D >0)+0; xE [r@qu)]

(A.88)

s.t.
(5.47) — (5.51) (A.89)
0y + 0y + 05 =1 (A.90)

To solve this porblem, we still have to use alternating minization based approaches
since the problem is not jointly convex in all the optimized parametes. Thus, we pro-
pose an iterative algorithm (similar to that explained in Appendix A.17) to solve the
problem. The proposed algorithm divides the problem into sub-problems that opti-
mizes one variable at a time while fixing the others. We refer the interested reader

to [88] for detailed treatment of this problem.
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We also note that similar methodology can be used to handle the scenarios where
the chunks have different sizes. If the video files have different chunk size (in MB),
our analysis can be easily extended to handle such cases as follows. Since a video file
has different chunk sizes, the service time will be different from one chunk to another.
However, one can still get the MGF of the service time in a similar fashion to those
in (A.81)-(A.83). Thus, the service time of a chunk will be related to its size. For
example, for a chunk indexed by s and requested from the PS PSéj_l’j ’”), the MGF of

(

the servce time will be M jfg’j). Hence, similar formula to that in (A.85) for the stall

duration under different sizes for the chunks can be obtained.



VITA



181

VITA

Abubakr O. Al-Abbasi received the B.Sc. and M.Sc. degrees in electronics and
electrical communications engineering from Cairo University, Cairo, Egypt, in 2010,
and 2014, respectively. He is currently pursuing the Ph.D. degree in IE, Purdue Uni-
versity, USA. From 2011 to 2012, he was a Communications and Networks Engineer
with Huawei Company. From 2014 to 2016, he was a Research Assistant with Qatar
University, Doha, Qatar. His research interests are in the areas of wireless commu-
nications and networking, media streaming, machine learning with applications to

communications, and signal processing for communications.



