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Abstract
The traffic of video-on-demand (VoD) and live streaming services fluctuates significantly
over a day. To cost-effectively serve user demand, content providers (CPs) can deploy
geo-dispersed auto-scaling servers to elastically scale their resources with a pay-as-
you-go pricing model. In this thesis, we study some optimization problems for CPs to
minimize deployment costs while meeting quality-of-service constraints. We show that
these problems are NP-hard and propose approximation algorithms for each of them.

First, we consider a regional auto-scaling data center for VoD consisting of multiple
servers that may be activated or deactivated according to user traffic. To minimize the
number of active servers, we present AVARDO, an approximation algorithm that jointly
optimizes video allocation in servers, active server selection at different traffic levels,
and request dispatching to one of the active servers.

To serve geo-distributed VoD users, we next consider a Netflix-like cloud consisting
of multiple geo-dispersed data centers placed close to user pools. We present RAVO,
which jointly optimizes video management (i.e., where to place and retrieve videos)
and resource allocation (i.e., how much link, storage, and processing capacities are
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needed for local servers). For a large video pool, we propose a clustering algorithm to
substantially reduce computational complexity with little compromise on performance.

Finally, we consider a multi-origin multi-channel cloud for live streaming. The cloud
efficiently distributes each video channel from its origin to all the auto-scaling end servers
that require the channel, thereby constructing an overlay tree. We present COCOS for
overlay construction (i.e., which channels a server shall forward to the others).

We prove the approximation ratios for AVARDO, RAVO, and COCOS. Extensive
trace-driven experiments under real-world settings validate their near-optimality (less
than 10% from the optimality). They outperform the state-of-the-art schemes by wide
margins, substantially cutting the optimality gaps by multiple times.
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Chapter 1

Introduction

In 2022, Video on Demand (VoD) and live streaming video dominated the Internet
bandwidth, accounting for 66% of the overall traffic [34], despite video traffic in mes-
saging, social media and gaming. Meanwhile, it has been widely observed that video
traffic, for both live streaming and video-on-demand services, varies significantly over a
day, possibly by more than an order of magnitude [147, 163].

Unlike online file sharing services, where users wait for the completion of the down-
load, users of video services start watching the video once the streaming starts and may
even search forward or backward during playback. To provide a satisfying quality of
experience (QoE), Content Providers (CPs) must allocate sufficient server processing
capacity and link capacity, which must be no less than the video streaming rate.

When facing dynamic video traffic, the traditional approach of statically allocating a
specific number of geo-dispersed servers with fixed streaming capacities could lead to
overprovisioning and limited scalability. In comparison, to cost-effectively respond to
such volume and dynamics, CPs can allocate geo-dispersed auto-scaling servers (e.g.,
virtual machines or instances) on the fly, which can elastically rescale resources with
a pay-as-you-go cost model to reduce deployment costs. For instance, Amazon EC2
[151] can adjust server capacity within minutes. Netflix has moved its video services to
Amazon Auto Scaling Groups (ASG) [13], which consists of over 20, 000 ASGs, 250, 000
instances, and 100 PB of storage, serving over 158 million users [111].

We show the basic concept of auto-scaling services in Figure 1.1. A set of servers
form an auto-scaling group to accommodate a service. To meet the desired capacity to
support the current user requests, a proper number of servers are activated. Meanwhile,
standby servers can be activated so that we can scale out the resources for more user
requests. We activate or deactivate servers according to the dynamics of the user requests
to ensure the quality of service (QoS) while avoiding overprovisioning.

1



Auto-Scaling Group

…

Scale out as neededDesired Capacity

Figure 1.1. Basic concept of auto-scaling services.
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In Chapter 2, we conduct a literature survey on online video services by examining
related work on system architectures, popularity characteristics, 1 replication strategies,
and access schemes for video service platforms. In this chapter, we first analyze the video
popularity characteristics and discuss the fundamental challenges to design effective
system architecture for video service. We then examine the related work on two major
areas: video replication and access. Regarding the replication problem, we review both
uncoordinated and coordinated replication schemes for a large pool of geo-distributed
users. Regarding the video access problem, we review how video contents are delivered
to users for both wired and wireless networks.

We then consider the distribution of both on-demand video and live streaming video
for a geo-distributed audience, whose network traffic has enormous total volume and
significant daily variation. More specifically, in order to effectively accommodate such
traffic dynamics with an auto-scaling cloud-based platform, we need to address the
following challenges:

• Optimizing an auto-scaling VoD data center: In a video-on-demand (VoD) service,
blockbuster videos have stable and predictable popularity, but the traffic can
vary significantly within a short timescale. To efficiently serve the user pool in a
geographic region, we consider a regional autoscaling cloud-based data center
consisting of multiple servers. For efficient storage, we partition the videos into
fixed-size blocks. To respond to dynamic user traffic in a timely and cost-effective
manner, we may activate or deactivate each server according to the traffic while
keeping at least one replica for each block in the active servers.

• Optimizing a geo-distributed VoD cloud: We consider providing a large-scale Netflix-
like video-on-demand (VoD) service on a cloud platform, where cloud proxy
servers are placed close to user pools. Videos may have heterogeneous popularity
at different geo-locations. A repository provides video backup for the network,
and the proxy servers collaboratively store and stream videos. To deploy the VoD
cloud, the content provider rents resources consisting of link capacities among
servers, server storage, and server processing capacity to handle remote requests.

• Optimizing an auto-scaling live streaming cloud: Live video traffic has been widely
1The popularity of a video is measured by its access probability, which is the likelihood of a user
requesting this video. For instance, if the access probability of a video is 0.1, it means that every one
out of ten requests is for that video.
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observed to vary significantly within a short timescale. In order to manage such
traffic dynamics of overlay live streaming, the Content Provider (CP) may deploy
a set of geo-dispersed auto-scaling servers where the pay-as-you-go deployment
cost is charged by the amount of resources used due to server uploading and data
transmission between servers. To support geo-distributed user demands, we study
a novel multi-origin multi-channel autoscaling live streaming cloud that pushes
each channel stream in the core network overlay as a tree covering the end servers
who have local demand for the channel. The Origin-to-End (O2E) delay from an
origin to an end server is due to the Server-to-Server (S2S) delays of the overlay
links along the path.

In this thesis, we propose the following novel and efficient approximation algorithms
to respond to the aforementioned challenges point by point:

• AVARDO: Approximation algorithm to maximize user capacity for an auto-scaling VoD
system: In Chapter 3 [25], we maximize the user capacity of the active servers
(and hence minimize the number of active servers at any time) by jointly opti-
mizing block allocation in the servers, server selection at each traffic level, and
request dispatching to a server. We believe that this is the first work to study such
a problem for an auto-scaling cloud-based VoD data center. We first formulate the
problem and show its NP-hardness. We then propose AVARDO (Auto-Scaling
Video Allocation and Request Distribution Optimization), a simple but efficient
approximation algorithm with proven optimality. AVARDO operates the servers
like a stack, with a server being pushed into or popped from the existing active
server set according to some optimized traffic thresholds. We prove that AVARDO
approaches the theoretical optimum as the block size reduces. Trace-driven ex-
perimental results based on large-scale real-world video data further validate that
AVARDO is closely optimal. It achieves significantly higher user capacity com-
pared to other state-of-the-art and traditional schemes, and reduces the optimality
gap by multiple times.

• RAVO: Video management and resource allocation for a large-scale auto-scaling VoD cloud:
In Chapter 4 [24], we study how to minimize the deployment cost by jointly opti-
mizing video management (in terms of video placement and retrieval at servers)
and resource allocation (in terms of link, storage, and processing capacities), sub-
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ject to a certain user delay requirement on video access. We first formulate the
joint optimization problem and show that it is NP-hard. To address it, we pro-
pose RAVO (Resource Allocation and Video Management Optimization), a novel
and efficient algorithm based on linear programming with a proven optimality
gap. For a large video pool, we propose a video clustering algorithm to sub-
stantially reduce the run-time computational complexity without compromising
performance. Using extensive experiments and trace-driven real data, we show
that RAVO achieves close-to-optimal performance, outperforming other advanced
schemes significantly (often by multiple times).

• COCOS: Bi-criteria approximation for a multi-origin multi-channel auto-scaling live
streaming cloud: In Chapter 5 [26], by optimizing the overlay of the core network,
we seek to minimize the deployment cost and O2E delays of the channels (i.e.,
a bi-criteria problem), which can be equivalently phrased as minimizing the de-
ployment cost while meeting certain given maximum O2E delay constraints. We
formulate a realistic problem capturing the major cost and delay components,
and show its NP-hardness. We propose COCOS (Cost-Optimized Multi-Origin
Multi-Channel Overlay Streaming), a novel, efficient, and near-optimal bi-criteria
approximation algorithm with a proven approximation ratio. Trace-driven exten-
sive experimental results based on real-world live streaming service data validate
that COCOS outperforms other state-of-the-art schemes by a wide margin (cutting
the cost in general by more than 50%).

Finally, we conclude the thesis and suggest some future research directions in Chap-
ter 6.
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Chapter 2

Literature Survey

2.1 Introduction

Video contributes to most of the internet traffic, and its weight is continuously
increasing. In 2022, Video on Demand (VoD) and live streaming video dominated
the Internet bandwidth, accounting for 66% of the overall traffic [34], despite video
traffic in messaging, social media and gaming. Traditionally, VoD and live streaming
services heavily rely on Content Distribution Networks (CDNs) on the core side and
Peer-to-Peer (P2P) on the edge side, but both of them face significant limitations. For
CDNs, video content providers have to purchase more resources from CDN operators
to meet exponentially growing and drastically fluctuating user demand, which is not
cost-effective. P2P, on the other hand, suffers from unstable user experience caused
by user churn. Due to the huge network resources used for video services, any new
paradigm that can offload such demand would have a huge impact.

We show the hierarchical view of core and edge sides of a network in Figure 2.1. To
address the huge resources demanded by video services, new computing paradigms
emerge on both core and edge sides with better scalability and flexibility [71, 45]. Scala-
bility means that the system can allocate more resources to respond to increasing user
demand. Flexibility means that the system can adjust itself swiftly when user demand
and video popularity change.

On the core side, cloud computing turns rigid infrastructure investment into flexible
daily utility service costs, and auto-scaling can elastically rescale resources in a timely
manner to respond to changes in user requests [124, 100]. We briefly introduced the
concept of auto-scaling clouds in Chapter 1.

On the edge side, new paradigms include edge computing [103] and crowdsourcing
computing [29], which can effectively utilize the edge resources. Many lightweight

6
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Figure 2.1. Hierarchical view of core and edge sides of video service network.

devices that connect to the internet, such as routers, Wi-Fi access points, set-top boxes,
and small-cell base stations, are equipped with decent computing, bandwidth, and
storage capacities. These devices can provide many types of services that could only be
offered by dedicated servers in the past. Edge devices also have various nicknames, such
as fog devices [81] and Micro/Nano data centers[145]. Despite thedifferent names, the
key philosophy is to use lightweight (but already powerful enough) and close-to-user
devices to serve users with lower costs and better responsiveness.

Furthermore, the cooperation between the core and edge sides brings two features to
video distribution services. First, edge devices can be deployed pervasively, reducing the
load on cloud-side servers. Second, edge devices are deployed closer to users, reducing
the link distance to transmit video to users. With these newparadigms, content providers
can leverage the burden of infrastructure investment and reduce the costs of both servers
and network traffic.

As any effective video service paradigm has to consider and utilize video popularity
characteristics, previous work has studied video popularity, freshness, and daily request
patterns:

7



• Popularity: Variousworks [65] have confirmed that video popularity is very skewed
for both professionally generated content (PGC) and user-generated content (UGC). For
popular user-generated content platforms such as YouTube and Daum (a popular
site in Korea), their video popularity patterns follow the Zipf distribution with
exponents between 1.5 (Daum) and 2.5 (YouTube) for popular videos. Specifically,
a cache can serve 80% of requests by storing only 10% of long-term popular videos
[21]. Similar results are confirmed by many works that measure user preference
[65, 29, 105, 103]. Although both PGC and UGC have the long-tail problem, videos
in the long tail are seldom stored in edge devices.

• Freshness: As video popularity decays very quickly with time, the freshness of the
video is also a crucial factor when deciding which content to replicate. Statistics
from various video service platforms [21, 105, 103] indicate that the popularity
of hot videos decays very quickly. For PGC, nearly 90% of the most popular
videos (i.e., the top 10 percentile) are new videos each day. Therefore, any content
distribution system has to push new content to edge devices every day. For UGC,
it is challenging to predict the popularity of new content.

• Daily Pattern: The end-user demand pattern follows a daily cycle. The demand
pattern has two peaks at around 2 P.M. and 10 P.M. every day, and traffic reaches
its lowest at around 5 A.M. daily. It is preferable to update new content when user
demand reaches its daily minimum.

Furthermore, due to the intrinsic distributiveness of video services, a cost-efficient
system must have the following features:

• Distributive: To effectively serve user requests and avoid unnecessary network
traffic, video service providers must deploy servers close to the user pool, and
these servers must collaboratively serve users.

• Geography-aware: As distributed servers are generally close to users, it is essential
to utilize this feature to serve nearby users with maximum efficiency.

• Popularity-aware: To effectively use distributed servers and reduce network load,
popular content must be pushed into distributed servers.

Existing schemes used in traditional CDN or P2P paradigms have not considered
how to effectively utilize the scalability and flexibility of new paradigms. Although new

8



paradigms are promising for cost-effective user service, content providers must carefully
address challenges raised by video popularity characteristics and design new collabo-
rative strategies to effectively unleash the potential of new paradigms. For any video
service, timely updates of video replication decisions (for VoD) and access decisions
(for both VoD and live streaming) are crucial. In other words, content providers must
address the following two basic problems:

• Video Replication: The video replication problem is about what content should
be replicated to each server. Video storage decisions for each distributed server
have a significant impact on the overall performance of the system. Effective video
replication relies critically on knowledge of content popularity. Fresh PGC, such
as news, music, or TV series, is produced regularly. One characteristic of such
content is that it is ephemeral (i.e., highly demanded for a certain duration, and
then demand fades). Therefore, the video service operator must decide not only
what to store on the server but also what new content to push and when to push it.

Current replication schemes fall into two categories: uncoordinated and coordinated
replication schemes. For uncoordinated schemes, each server makes its own
decision based on the information it collects from previous history to serve users.
For coordinated schemes, a server makes the decision based on global popularity
information.

• Video Access: The video access problem is about how to organize the distributed
platform to deliver video content. An individual server cannot have all videos
due to its limited storage. Meanwhile, many servers may have the same content
across different regions. Therefore, a user must choose among many servers for a
video. Furthermore, an auto-scaling server can be turned on and off based on user
demand. A user’s choice of which server to access the video not only affects their
own experience but also affects other users sharing the same resource (i.e., same
server or link).

For wired users, the management scheme must to coordinate with many servers
and users. The key problem is dealing with the huge problem size. For wireless
users, as the coverage of base stations may overlap, it is essential to decide how to
choose the base stations to access the video for each user.

In this chapter, we review related work on system architecture, video replication, and
9



access. The remainder of this chapter is organized as follows. In Section 2.2, we provide
an overview of the system architecture of emerging paradigms and compare them with
traditional CDN and P2P paradigms. We review previous work on video replication in
Section 2.3 and video access in Section 2.4. Finally, we conclude in Section 2.5.

2.2 System Architecture and Comparison

In Section 2.2.1, we present the system architecture of a video service with emerging
paradigms and compare it with traditional paradigms in Section 2.2.2.

2.2.1 System Architecture of the Emerging Paradigms

In Figure 2.2, we examine the system architecture of a typical video service platform
that uses both cloud and edge resources, which can be decomposed into two layers:

• The Core Layer: Video content providers operate cloud-based distributive servers.
Auto-scaling servers may rescale resources according to user demand in a timely
manner. For cloud-edge collaboration, one role of these servers is to transmit new
videos to edge devices to update replication in their storage. Therefore, content
providers can offload some demand from the cloud side to the edge side and
reduce costs on the cloud.

• The Edge Layer: Some edge devices (e.g., routers, switches, set-top boxes, base
stations, etc.) can act as an intermediary between the cloud and user devices. Their
computing, bandwidth, and storage capacities are not as powerful as dedicated
servers on the cloud side, but they have a large number and are close to users,
usually in their homes. Edge devices can support both wired and wireless users.
Note that the owner of the edge device and the operator of the edge device may not
be the same. A user can own the edge device and put it in their home, allowing an
edge operator to use it in exchange for better quality of video service or monetary
return.

Forwired users, an edge device can act as amini server to serve neighbor user requests.

10
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Figure 2.2. Video distribution platform for wired and wireless users.

For wireless users, a small-size base station (i.e., a small cell or femtocell base station)
with some storage and processing power can serve users within its signal coverage.

End-user devices can be served by edge devices, other user devices, or the cloud.
Upon a user request, edge or user devices near the user can cost-effectively serve the
request if they have the content. If nearby devices do not have the desired video content
or do not have the bandwidth, the user has to obtain the video from the cloud.

2.2.2 Comparison

The new video distribution architecture has distinctive features compared to tradi-
tional CDN and P2P networks. In general, these new paradigms share the merits of
both cloud-based CDNs and P2P models but avoid their drawbacks. We compare the
new architecture with CDN and P2P in Table 2.1, which highlights the major differences

11



Table 2.1. Different paradigms for video distribution.
CDN P2P Edge Auto-Scaling

Data Storage Centralized Distributed Distributed Centralized
System Control Centralized Uncoordinated Coordinated Centralized
QoS Yes No Yes Yes
Capital Cost High Low Low Low
Scalability Low High High High
ISP Friendly Yes No Yes Yes
User Contribution No Required Desirable No

between the paradigms used for video distribution.

1 CDN

Traditional CDNs rely only on cloud-side servers with fixed resource provisioning to
deliver video content. Compared to CDNs [109, 23, 24], auto-scaling servers and edge
devices lead to lower costs and better responsiveness. The reduction in cost comes from
various factors:

• Better proximity: As edge devices are distributed close to users, the bandwidth
cost between the cloud and the user can be reduced. The cost of updating content
in edge storage is also reduced as the core layer only needs to push new content
to a fraction of edge devices (e.g., 10% of edge devices within each ISP domain
[105]), and these edge devices will further distribute the new content to other
edge devices. For auto-scaling cloud, content providers can allocate servers as a
service instead of fixed investment, making it more convenient to deploy cloud
servers according to user demand, which also provides better proximity on the
core side.

• Reduced deployment cost: As the cost of storage and processing hardware has
continually declined, the major cost related to CDNs has shifted to real estate,
power, cooling, and human resources, which do not exist on edge devices [81, 69].
In this sense, edge computing is a green computing paradigm. For auto-scaling,
video service providers only have to pay for what they have used, effectively
avoiding overprovisioning.

• User contribution: As edge devices close to users can reduce transmission delay
and enhance the quality of experience, users are willing to buy edge devices (e.g.,

12



Wi-Fi routers) that support video service, even without subsidy from content
providers. Some content providers also pay their users to install particular Wi-Fi
routers to expand their edge network [105].

2 Peer-to-Peer

Essentially, traditional P2P relies only on user devices for content storage and access.
Compared to the P2P approach [130, 173, 89], in the new paradigms, content providers
can effectively deploy and coordinate auto-scaling cloud or edge devices, and therefore
overcome some inherent limitations of P2P:

• Service guarantees: By controlling auto-scaling servers and edge devices, video
service providers can build stable network connections and reduce peer churn
of user devices. An edge device has a higher standby probability and dedicated
resources to support the video service. Auto-scaling servers can timely rescale
resources to accommodate variations in user demand. Even for unpopular content,
we can store it in a cloud server or edge device where the user may not request it
at the moment, but the content is always ready.

• Coordinated topology: The network topology is more manageable. Content
providers can set rules on video access based on ISP information, reducing inter-ISP
traffic and link distance between the video source and the user.

• Free-riding prevention: Edge devices can still store and distribute content even if
the house owner is not interested in it. As users have to rely on edge devices for
other functions (e.g., Wi-Fi, television), they have less incentive to turn them off.

Note that in some crowdsourcing computing schemes [29], content providers pay
users to support the platform. In such cases, user devices (e.g., desktops and laptops)
can also provide stable resources to the video service. This is clearly different from the
P2P approach since content providers have full control of user resources after payment.
Therefore, the drawbacks of P2P can also be avoided.
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Table 2.2. Different uncoordinated replication schemes.
Scheme Objective Parameter to op-

timize
Methodology Comment

LRU-based [52] Maximize hit
probability

Video stored in
the device

Poisson Approx-
imation

Assume Zipf’s
Law

iProxy [131, 51] Improve hit
probability

Video stored in
the device

Heuristics New coding
scheme

Age-based Thresh-
old [83]

Maximize hit
probability

Video lifetime in
the device

Poisson Approx-
imation

Assume Zipf’s
Law

2.3 Replication Schemes

A good replication scheme must be distributive, responsive, and easy to implement.
For uncoordinated replication schemes, each server makes its own decision independently
based on the information it collects from previous service history. Namely, it only knows
what the user has requested from itself and decides what to store and what to replace
when a new user request comes. Such schemes are simple and distributive but lack
global popularity information. On the other hand, in coordinated replication schemes, a
central server offers global information to other servers in some way, or even pushes
contents directly to them. However, such decisions may ignore the local preference of
video popularity. We present uncoordinated replication in Section 2.3.1 and coordinated
replication in Section 2.3.2.

2.3.1 Uncoordinated Schemes

We present variations of the Least Recently Used (LRU) scheme in Section 1 and
score-based schemes in Section 2 that propose new benchmarks to make replication
decisions. Table 2.2 compares different uncoordinated replication schemes.

1 Variations of LRU

Least Recently Used (LRU) and Least Frequently Used (LFU) are themost commonly
used replication schemes. Some work that addresses the video access problem uses
them as the default replication schemes.

There are some schemes that modify LRU [52]. In q-LRU, the edge device stores new
video content with a probability of q upon request. In k-LRU, storage is divided into
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k hierarchical parts. Each part demotes its least recently used content to a lower level.
Therefore, only the content in the lowest level can be removed from storage. Both q-LRU
and k-LRU reduce the frequency of changes in storage and perform better than LRU if
the video popularity distribution follows Zipf’s law.

2 Score-Based Schemes

Thework in [83] proposes a score-based replication scheme. To decide which content
to store, it considers an Age-Based Threshold (ABT). Given the time t a content has
been stored in the cache and a function N , a content must satisfy N(t) > Nmin to stay in
the cache, where the edge operator defines N and Nmin to fit the popularity and user
access pattern. This work shows that the scheme is close to the optimal solution if the
user request rate follows the Poisson distribution.

For Information Centric Network [131, 51], content providers can use Information-
Bound Referencing to index the same video with different resolutions. To achieve
dynamic video encoding, this work proposes a new coding scheme (with frequency
domain data) for multi-resolution video with less storage. This work uses a score-based
replication algorithm (LFU-based IBR-score). It differs from LFU in that each access
has a different weight, and the latest demand has a higher score.

2.3.2 Coordinated Schemes

We present popularity-based schemes (Section 1), which use global popularity
information for replication decisions, and schemes that divide the storage of edge
devices (Section 2) to support different types of videos. Table 2.3 compares different
coordinated replication schemes.

1 Popularity-Based Schemes

With global information, some research shows that it can performbetter thanLFU/LRU.
Some work [27] states that the global population of video content should be propor-
tional to video popularity. The work in [177] pushes contents to edge devices, and the
number of replicas for each video is based on global popularity. The work in [176] shows
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Table 2.3. Different coordinated replication schemes.
Global Popularity
[27, 177, 176]

Reduce server
load

Video stored in
the device

Mathematical
modelling

Not consider bi-
trate/device ca-
pacity

Deficit Bandwidth
[154]

Reduce server
load

Video stored in
the device

Mathematical
modelling

Consider device
capacity

Last-mile Imple-
mentation [73]

Reduce traffic
cost

Probability to
store a video

Primal-dual ap-
proach

Comprehensive
model

Social Video Index
[150]

Improve hit
probability

Video indices Heuristics Based on mea-
surement

Division of Storage
1 [103]

Maximize hit
probability

Storage Division Heuristics Support
Wired/Wireless
users

Division of Storage
2 [62]

Maximize social
welfare

Storage Division Supermodular
game

Support social
video

that replication should be proportional to demand to achieve optimal performance and
validates that the proposed schemes outperform LRU and LFU through simulation.

To effectively carry out the decision, the work in [73] proposes a solution based
on set-top boxes for last-mile CDN. It clusters edge devices based on their ISPs and
replicates contents based on global information. In each ISP, it deploys a tracker that
collects popularity information. The tracker gives replication probability p and broadcast
this parameter to all the edge devices. and broadcasts this parameter to all edge devices.
Edge devices distributively compute replication decisions based on p. Namely, each
edge device independently replicates the video with a probability p. Therefore, the
global replication number reaches the expected value.

However, the work in [154] indicates that proportional replication is not optimal in
peer-assisted video on demand (VoD) as edge devices may have different uploading
capacities. Deficit bandwidth performs better than proportional replication. If popular
content does not have enough bandwidth to support the users, it should have more
replicas. This replication strategy is applicable in both uncoordinated and coordinated
replication schemes.

Another work in [150] proposes an alternative benchmark for replication instead of
global popularity. By utilizing cloud-edge architecture to support social video, it defines
three indices (i.e., geographic influence, content propagation, and social influence) to
reflect the geographic, time, and popularity features of a video. However, it only uses
the geographic closest edge device to access the video.

The work in [119] presents a mathematical approach to optimize the replication
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decision. Given the popularity, it uses the primal-dual method to calculate the time to
live for every video. The time-to-live feature can serve as a tag for the video content.
Each edge device stores and replaces the video based on its time to live.

2 Division of Storage

The work in [103] analyzesthe temporal and spatial features of user requests and
proposes a replication strategy to support both wired and wireless users. For the storage
of each edge device, it should be divided into two parts. One part is to serve the single-
location user based on local popularity, while the other is for mobile users based on
global popularity.

The work in [62] suggests that edge devices can use extra storage to propagate user-
generated social videos. It demonstrates that users have an incentive to upload videos
for their friends through a supermodular game approach. The primary objective of
the problem formulation is to maximize the total social welfare given the upload traffic
constraints for each edge device.

The work in [169] proposes Local Hardware Awareness (LHA), a special API, to
locate nearby storage devices. Each edge device divides its storage into two parts for
virtual machine (VM) and storage. An edge device can quickly load different VMs or
contents from nearby storage to respond to changes in user demand.

2.4 Video Access Schemes

The decision of video access is crucial to effectively utilize network resources and
prevent network congestion. With a large number of distributed cloud servers and edge
devices, it is possible to have multiple replications of the same video content in various
locations, and it is necessary to determine from which device a user should obtain
the video content. As both the number of videos and edge devices are enormous, the
problem’s size to optimize the entire network is significant. Additionally, the video access
problem can be seen as a Facility Location Problem, which is NP-complete. To effectively
address the problem, it is essential to reduce the problem size and find approximation
algorithms. We present video access schemes for wired users in Section 2.4.1 and for
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Table 2.4. Different wired user access schemes.
Scheme Objective Parameter to op-

timize
Methodology Comment

Cluster edge de-
vices 1 [136, 64]

Reduce server
load

How to partition
edge devices

Sampling and
greedy algo-
rithm

Based on mea-
surement

Cluster edge de-
vices 2 [104]

Reduce server
load

Traffic between
clusters

Linear Pro-
gramming and
Heuristics

2 schemes can
be combined

Game theory ap-
proach 1 [86]

Total revenue Price to use a
edge device

Stackelberg
Game

Device owner
and CP can
cooperate

Game theory ap-
proach 2 [154]

Maximize social
welfare

From which
friend to get
video

Supermodular
game

Assume friends
share videos

wireless users in Section 2.4.2.

2.4.1 Wired Users

Figure 2.3 illustrates a distributed architecture for wired networks. For wired users,
the management scheme must coordinate with a large number of devices. This problem
is also NP-hard, making it unlikely to find the optimal solution in real-time. To reduce
the problem size, a common approach is to divide and conquer. The video service operator
usually divides the entire system into several regions and solves the small-sized problems
within each region. The key issue is how to cluster the users and divide them into regions.
Table 2.4 compares different wired user access schemes.

Some work uses simple methods for small-scale problems. The scheme in [126] is a
straightforward VoD sharingmechanism in which a user requests help from neighboring
edge devices when requesting a video. The focus of this work is to design a proof-of-
concept system. The authors implement a prototype system and test it on four desktop
computers with 30 videos. The primary metrics of the experiments are delay and
throughput. The work in [79] proposes a brutal-force method to decide whether to
access the video from the nearest device or the cloud server. It demonstrates that the
replication method of LRU, GLRU, LFU, and GLFU are superior to the random method.

For large-scale problems, recent work typically employs clustering methods and
game theory approaches.
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1 Clustering Methods

Some work [136] attempts to use clustering methods to reduce the complexity of
the video access problem. In addition to the measurement study, this work proposes to
partition the edge devices based on geographic location. Within each region (usually
within an ISP domain), the content providers can put a coordinate server to manage the
edge devices inside the region. This work shows that within the region, the popularity
characteristics are typically very similar. It further proposes an auction-based method to
allow the edge device owner to receive payment from the end-user. The work proposed
in [64] uses a similar clustering method for video access but uses LRU for replication.

The work proposed in [104] addresses the problem of cooperation between regions.
Instead of solving theminimum-cost-maximum-flow (MCMF)problem, thiswork proposes
that, after clustering the users into regions, the content provider can compute the Jaccard
similarity of the user demand between regions. Cooperation between regions of high
similarity can increase the hit ratio and reduce the delay. The algorithmic complexity is
lower than the LP-based solution.

2 Game Theory Approaches

The work in [86] proposes a game theory approach to demonstrate that the content
provider (CP) and the server owners (either cloud or edge) can reach equilibrium and
mutual benefit. It uses a Stackelberg Game (with equilibrium) to improve the total
revenue. With this game, the content providers can reduce the cost, and the server owner
can maximize their revenue. However, it only uses the most popular first (MPF) for
replication, and each user only accesses the video from one device (usually the closest
one).

The work in [154] proposes that edge devices should use extra storage to propagate
social videos. The collaboration of edge devices is based on the social network. It shows
that users have an incentive to upload videos for their friends with a supermodular
game approach. With this game approach, the network can maximize social welfare
even if upload traffic constraints exist.
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Table 2.5. Different wireless user access schemes.
Scheme Objective Parameter to op-

timize
Methodology Comment

JRC-UR [123] Minimize server
load

Replication and
Access

Approximation
of LBS

Approximation
ratio given

BS assisted D2D
[55]

Minimize server
load

Replication and
Access

Monte Carlo op-
timization

Heuristics in na-
ture

AP deployment
[19]

Minimize server
load

Edge device de-
ployment

Integer linear
programming

With a greedy
heuristics

An online algo-
rithm [115]

Minimize server
load

Replication and
Access

Convex pro-
gramming

Allow user to ac-
cess many APs

FemtoCaching
[128]

Minimize server
load

Replication and
Access

Linear Program-
ming

Use coded con-
tent

2.4.2 Wireless Users

Figure 2.4 illustrates a wireless architecture with store-capable base stations. Base
stations and servers can transmit video to each other through wired links, and a mobile
user device can obtain video from a base station through a wireless link. For wireless
users, the coverage of the base stations may overlap. For example, user devices A, B, and
C are covered by multiple base stations. The primary problem to solve is to select the
appropriate base station to serve the users when multiple base stations cover the same
region. Table 2.5 compares different wireless user access schemes.

For a wireless network, a base station with video storage receives requests from a
small population of users. Hence, the number of requests per unit time is also very
small. Meanwhile, as the coverage areas of base stations or Wi-Fi access points are
overlapping, the choice of the base station or the access point has a significant impact
on the efficiency of data transmission. Compared to a wired network, the problem
size of a wireless network is small. Therefore, current work usually considers jointly
optimizing the replication and access problem together with approximation algorithms
or mathematical programming.

1 Approximation Algorithm

Regarding the work related to small cell networks [123], the authors use local storage
at the base station and propose the joint optimization problem of video replication
and access. They aim to formulate both the video replication and access together with
a mathematical model and solve the linear programming problem. As the problem
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Figure 2.4. A wireless architecture with store-capable base stations.

is NP-hard, this work attempts to modify the problem as a facility location problem
and uses a related approximation algorithm to obtain the solution. However, how to
implement the decisions from the mathematical programming is still an open question.

The work in [54] attempts to solve the similar distributive caching in femtocell base
stations. It proposes an algorithm that clusters user demand to reduce the problem
complexity.

Anotherwork [55] considers the device-to-devicemodelwithin a single cell of cellular
or Wi-Fi network. Smartphone users within the signal coverage aim to help each other
download videos. The base station acts as a controller (i.e., scheduler) to coordinate
the sharing. This study shows that randomized replication is not bad. However, in this
setting, it only has a small video and user pool with only 1000 videos and 500 users,
which are far from reality.

Thework in [19] examines the problemof choosing the location to deploy thewireless
edge device (e.g., Wi-Fi access point, small cell base station). This study proposes two
algorithms for deployment. The first one is a greedy algorithm that deploys the edge
devices in the position to cover the maximum number of users. The second one is based
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on integer linear programming, which can give the optimal solution. The simulation
results show that the greedy algorithm performs quite close to the optimal solution but
has a smaller algorithmic time complexity.

2 Mathematical Programming

The work in [115] also attempts to solve the content replication and request assign-
ment problem jointly. It formulates the problem as a convex programming problem by
allowing a user to obtain the contents from different base stations with a given ratio close
to the solution of the convex program. It shows that if the request number is large, the
network performance approaches the optimal. Additionally, it gives an online algorithm
for each edge device to implement the replication decision. The basic idea is to find
which operation could improve the system most and do the most desirable operation
first.

The work in [128] considers using coded content to bypass the NP-hardness of the
integer linear programming. A video content can be encoded intoM coded contents
where a user can recover the video from any N coded contents, whereM and N can be
set by the edge operator. It proposes LP-based algorithm for coded contents and shows
that the network performance approaches the optimal if N is large.

Similarly, the work in [122] considers caching multi-layer video in small-cell base
stations. As multiple base stations may cover the same area, it jointly considers caching
and routing via integer convex programming. To solve the problem, the mathematical
model can be decomposed into sub-problems, and each base station can solve its sub-
problem independently by primal-dual approach.

2.5 Conclusion

Due to the low operation cost and better quality-of-service, both researchers and
the industry consider cloud computing and fog-based video content distribution as
promising solutions to the skyrocketing growth of the demand for video service. Unlike
the traditional CDN or P2P paradigm, new paradigms have good scalability, reduced
cost, and guaranteed quality of service.
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In this chapter, we reviewed recent advancements in new paradigms. We first briefly
went through the work that examines the user demand characteristics of the online video
service and analyzed the challenges faced by video distribution platforms. We then
reviewed the work that addresses the challenges of cloud computing and edge-based
platforms. We divided such work into two categories: video replication and access
problem.

Video replication must be distributive, responsive, and easy to implement. Unco-
ordinated replication schemes are simple and distributive, but lack global popularity
information. Coordinated replication schemes have the global information but may
ignore the local preference of the video popularity.

Both wired and wireless networks face the video access problem, namely, to decide
where to get the video content for each user. For wired networks, effective solutions
manage to coordinate a great number of devices. The video service operators usually
cluster the user demand or the edge devices into groups to reduce the problem complex-
ity. For wireless networks, current work jointly optimizes the user replication and access
problem together by jointly considering the user distribution and the video popularity.
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Chapter 3

Maximizing User Capacity for a VoDData Center

3.1 Introduction

We consider a video-on-demand (VoD) service (e.g., Netflix) that provides block-
buster videos to a large audience. In each geographic region, a cloud-based data center
provides VoD service to the regional local users within its proximity. The popularity
of blockbuster videos is usually rather stable and predictable over days or weeks (in
contrast to user-generated content where popularity may be more volatile, changing
drastically in minutes or hours). The total user request traffic presented to the system,
on the other hand, may vary quite significantly within a much shorter timescale. As
shown in [98], the traffic may change by an order of magnitude over merely hours.

To serve highly dynamic user traffic in a region, the traditional infrastructure ap-
proach, where the content provider statically allocates a fixed number of servers for the
peak regional user demand and keeps them running all the time, is no longer efficient.
To meet demand in a timely and cost-effective manner, content providers may employ
auto-scaling servers from a private cloud or a cloud service provider (e.g., Amazon AWS
[127]), where standby servers may be activated or deactivated according to the user
traffic.

Figure 3.1 shows the system architecture of a typical video cloud, which consists
of several regional auto-scaling VoD data centers1 placed close to the user pools. (For
simplicity, we show the user devices and internal architecture of data center in region
A and B only.) Each data center has a dispatcher and a set of standby auto-scaling
servers to serve its regional user demand. We consider the realistic and simple case of
homogeneous servers in a data center. Each server has a certain limited storage and
1AVARDO addresses the auto-scaling feature of the VoD servers, and can be extended to CDN or edge
server clusters if they support such feature.
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Figure 3.1. A video cloud consisting of auto-scaling VoD data centers.
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streaming capacity and may be activated or deactivated within a short period of time
(usually in tens of seconds). The dispatcher distributes the demand to the active servers
or to the core network if the data center does not have the requested video.

We aim to optimize these auto-scaling VoD data centers. In this network, a data
center locally stores the content of wide interest to serve its user pool. The video lifetime
is typically in the order of weeks, which is much longer than the timescale of user traffic
fluctuation. By storing many videos, a data center captures most of its regional demand,
and hence the core network traffic between data centers is expected to beminimal. As the
data centers operate rather independently, we focus on an arbitrary one in this chapter.

To operate a data center cost-effectively, we activate or deactivate the servers accord-
ing to incoming traffic to elastically scale system resources. For example, data center A
activates more servers than B because region A has more demand than B. Currently,
A has activated server A1, A3, A4, and A6. If the demand in region A further increases,
we can activate server A2 or A5. Conversely, if the demand decreases, we can deactivate
some servers.

For efficient video storage, we consider the storage unit in our cloud as a video block.
Each video block has the same size. If a blockbuster video has a larger file size, we
partition this video into our fixed-size blocks. Note that our video block is different
from a DASH segment in that our block is only for management purposes. Nevertheless,
our design is amendable and extensible to adaptive streaming. A block can consist of
multiple DASH segments depending on the video’s bitrate. When a user plays the video,
the server streams the video to the user based on segments. After streaming the last
segment in a block, the user moves to another block with the subsequent segments. 2

An incoming user demand for a video hence consists of multiple block accesses. For
each block access, the dispatcher distributes it to an active server storing the requested
block. To guarantee service, we must clearly have at least one replica for each video
block in the active servers at any time. For example, if server B3 and B4 are necessary to
keep the full replication in data center B, when the user demand further decreases, we
still cannot deactivate any of them.

Let V be the set of all standby servers in the data center. The total block request rate
2In practice, the play time of a video block is typically several minutes (e.g., 5 minutes), and the variation
in the popularity of the content is negligible. Therefore, there is no need to partition the video according
to the content.
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Figure 3.2. Mapping mechanism of auto-scaling levels.

λ (requests/second) is first mapped to an auto-scaling level i (i = 0, 1, 2, . . .) such that λ
is between some thresholds of λi and λi+1 (λi < λi+1), with a corresponding predefined
set of servers Vi ⊆ V being activated which contains at least one replica of all video
blocks. We show the mapping mechanism in Figure 3.2. For request rates less than λ0
(the lowest auto-scaling level 0), servers in V0 are activated. When the request rate is
between λi and λi+1, servers in Vi+1 are activated to serve the users. As the user request
rate increases (decreases), we increase (decrease) the auto-scaling level so that more
(fewer) servers are activated. Letting |V0| = ν be the number of servers in V0, we clearly
have |Vi| = ν + i for auto-scaling level i.

The deployment cost of such a system depends on the number of active servers. In
order to minimize it, we hence seek to maximize user capacity in terms of λi at each
auto-scaling level i. To maximize λi, we have to optimize the following interdependent
design dimensions:

• Block allocation (BA): Due to limited storage on a server, a single server alone cannot
store all the video blocks. Therefore, we need to decide which blocks should be
allocated (or replicated) in each server, the so-called block allocation (BA) problem.
Note that at auto-scaling level 0, we still need V0 to have enough total storage to
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cooperatively store at least one replica of every block in the whole video pool.

• Server selection (SS): This is to decide which servers should be activated (i.e., the
set Vi) for each auto-scaling level i. Since different servers may store a different set
of video blocks, we have to ensure that servers in Vi have enough replicas for each
video block to support the request.

• Request dispatching (RD): Request dispatching is to decide which server to cater
to a block request. Since some blocks may be stored in multiple active servers,
the dispatcher has to balance the load of each active server so as to minimize user
delay or server utilization.

Note that, due to the relatively stable video popularity as compared to user traffic,
on-the-fly BA is not necessary. We hence consider video blocks to be preloaded in all
the servers for SS and RD. It should also be noted that video lifetime is different from
popularity. Even if the popularity of a blockbuster decreases significantly over days or
weeks, it still has some viewers, and the content providers may not replace the video
(i.e., its lifetime in the system does not end). Therefore, when updating the BA, the
number of videos to be replaced is very limited.

Furthermore, BA has a much longer timescale (in days or weeks) than SS (in hours),
whose timescale is, in turn, much longer than RD (in seconds). Therefore, one BA
decision corresponds to multiple SS and RD decisions. Conversely, an RD decision
should be based on a given SS, while an SS decision should be based on a given BA.
Although we can update SS and RD more frequently, to maximize λi, we need to jointly
optimize these three interdependent dimensions. In other words, despite their different
timescales, BA, SS, and RD decisions have to be considered together in advance based
on the prediction of video traffic and popularity.

To the best of our knowledge, AVARDO is the first work to maximize user capacity
for an auto-scaling cloud-based VoD data center by jointly optimizing block allocation,
server selection, and request dispatching. Our contributions are as follows:

• Problem formulation and its NP-hardness: We study the novel problem of maximizing
user capacity for each auto-scaling level i (in terms of λi) for an auto-scaling VoD
data center. We formulate the optimization problem as a multi-objective mixed-
integer linear program and prove that it is NP-hard. Our formulation is a general
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model such that, by allowing only a single auto-scaling level (i.e., V0 = V ), it
becomes the optimization of the traditional fixed-server system.

• Stack-based algorithm with proven approximation ratio: To tackle the joint problem, we
propose a novel and efficient approximation algorithm called AVARDO (Auto-
scaling Video Allocation and Request Dispatching Optimization). AVARDO is
a stack-based approach where the servers are arranged in a linear array and are
pushed (activated) or popped (deactivated) according to the increment or decrement
of auto-scaling level corresponding to the user traffic. AVARDO’s overhead is low,
because only one server is activated or deactivated between successive auto-scaling
levels. We prove its approximation ratio to show its closely optimal performance.
We show that the optimality gap can be further narrowed by reducing the block
size in the system (i.e., videos are partitioned into smaller blocks).

• Extensive trace-driven experimental study based on real-world data: We conduct exten-
sive trace-driven experiments with real-world VoD data (from a leading video
service website in China) to evaluate AVARDO. Our results show that AVARDO’s
performance is close to the optimum, validating our theoretical analysis. Com-
pared with other state-of-the-art and traditional schemes, AVARDO significantly
lowers the number of active servers and reduces the optimality gap (by multiple
times).

The remainder of this chapter is organized as follows. We first review related work
in Section 3.2. In Section 3.3 we describe our system model, formulate our joint problem,
and show its NP-hardness. We present AVARDO and prove its optimality in Section 3.4.
We discuss illustrative trace-driven experimental results in Section 3.5 and conclude in
Section 3.6.

3.2 Related Work

Content replication over a cloud has been widely studied by abstracting a data
center as a super server. The work in [120] elevates a traditional CDN to a cloud
paradigm and decomposes the problem into graph partitioning and replica placement
problems. Other work includes user access pattern detection at different geographical
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regions [72], collaborative cache strategy [133], delivery through software-defined
networking [156, 17], and social UGC propagation over a cloud CDN [150, 61, 141].
Content placement for a cloud-based VoD system has been discussed in [117, 118, 41, 22].
Recent work on energy efficiency [8], femtocell networks [58], and optimization based
on machine learning [168] provides sophisticated cost models and proposes impressive
replication schemes to achieve low operational cost with QoS guarantees, but such
research has yet to consider some of the important features of cloud computing inside
the data center due to model abstraction. AVARDO, in contrast, complements these
studies by investigating video replication, server selection, and traffic dispatching in an
auto-scaling data center from a more detailed point of view.

There has been previous work to address the content replication problem in both
traditional and cloud-based VoD data centers [6, 16, 170]. Such work assumes that
there is no dynamics within the data center, in which the server configurations and
bandwidth reservation are rarely changed. Some other work [129, 50, 38, 20] is scalable
in terms of the number of requests, but has not considered the change of storage and
video replication of the auto-scaling servers. Dynamic data replication [72] needs extra
network and time cost to load the video content into the server dynamically, which is
not necessary in our scenario as we preload the content due to the relatively stable video
popularity. For auto-scaling servers, we have to optimize content replication for every
possible auto-scaling levels and adjust the traffic dispatching scheme to adapt to the
changing environment. Furthermore, our trace-driven experimental results are based
on large-scale real-world data, which effectively validates the performance in real-world
settings.

Efficiently auto-scaling cloud resources has attracted much interest from researchers
in recent years. The work in [102, 44, 39, 157, 67, 144] focuses on effectively predicting
user demand to scale up and down servers. The work in [91] considers reducing
response time for auto-scaling features. Such work optimizes the auto-scaling system
in the online phase to predict user demand and improve performance in the coming
few hours, which is orthogonal to our work as the timescale we are considering is much
longer. The related work and AVARDO can work together to achieve better overall
performance.

Various schemes have been proposed to address cost optimization of an auto-scaling
system. The work in [146, 113, 116] considers the general problem of jointly optimizing
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resource allocation and server selection. The work in [171, 43, 3, 10, 90] explores how
auto-scaling cloud can support live streaming video service. The work in [112] considers
auto-scaling network to manage the camera surveillance network using the algorithm
given in [35]. The work in [5, 28] considers management of traffic network through
auto-scaling. These problems, while challenging, are different from AVARDO because
each request or task considered in the problems is served by only one server. For a VoD
service, as some videos are too popular to be served by one server, we have to consider
both replicating video files and dispatching user requests. The approaches they are
using cannot be directly applied to our problem.

Note that the research works on user demand prediction [46, 158], user start-up
delay reduction, and server oscillation avoidance are orthogonal to ours. Advancements
in these fields would benefit the performance of our auto-scaling VoD data center, which
focuses on maximizing user capacity given dynamic user traffic.

3.3 Problem Formulation and Its NP-hardness

In this section, we first describe the system model of a cloud-based VoD data center
in Section 3.3.1, and formulate the optimization problem in Section 3.3.2. Then we show
its NP-hardness in Section 3.3.3. The major symbols used in the formulation are given
in Table 3.1.

3.3.1 SystemModel

Aswe partition videos into fixed-size blocks in our system, a block is the basic storage
unit (i.e., it is either entirely stored on a server or not at all). Each block has the same
file size f (bits). A smaller f leads to better optimality, but this comes with a substantial
increase in management overhead of video blocks. Therefore, in practice, the block size
cannot be too small to strike a good tradeoff between system optimality andmanagement
complexity (though the transmission of these blocks may be in segments of very small
size using, say DASH).

In adaptive streaming, a video may have different quality versions. The number of
blocks of the high-quality version is more than its low-quality counterpart. In video
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Table 3.1. Major symbols used in AVARDO formulation.
Notation Definition
u Streaming capacity of a server (bits/s)
c Storage capacity of a server (bits)
f File size of a video block (bits)
V The set of all standby servers in the data center
Vi The set of active servers at auto-scaling level i
ν Number of servers in the set V0 (i.e., ν = |V0|)
M The set of all video blocks
Mv The set of blocks stored on server v
λ Total video block request rate (requests per second)
λi Request rate threshold (requests per second) at auto-scaling level

i (i ≥ 0)
pm Access probability of blockm
Lm Average holding time of blockm (in seconds)
Rm(λ) Traffic of blockm (bits/s) at request rate λ (i.e., Rm(λ) = λpmLmbm)
bm Streaming rate of blockm (bits/s)
Imv Binary variable indicating whether server v stores blockm
rmv (i) Probability of streaming a request of blockm from server v at auto-

scaling level i
µ Server utilization limit to ensure quality-of-service

transmission, when a change in end-to-end bandwidth is detected, the corresponding
quality version of the video block is then identified, switched, and streamed. As different
blocks have different access probability, such an adaptive streaming mechanism does
not affect our problem formulation, and AVARDO can be extended to the case.

In our system, video blocks are preloaded into the servers. Due to the much longer
lifetime of blockbuster videos and their relatively stable popularity as compared to
auto-scaling decision intervals, the interval between video updates is much longer than
a typical auto-scaling interval. Also, such preload is usually scheduled when network
traffic is low (e.g., early morning). Therefore, the cost to preload videos has little
impact on our optimization problem, and we consider our auto-scaling optimization
independently from preloading cost.

A cloud VoD data center is composed of a number of servers that store and stream
videos to users. We denote the set of all standby servers in the data center as V .
Each server v ∈ V has the same storage capacity c (bits) and streaming capacity u
(bits/second). With auto-scaling, the number of active servers can adapt to the changes
in user traffic. When the traffic increases, we activate more servers to ensure quality of
service. Conversely, when traffic decreases, we deactivate some servers to reduce cost.
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To describe the system in different states (i.e., with different active server sets),
we define the auto-scaling levels by considering the block request rate as thresholds.
We number the auto-scaling levels as {0, 1, . . . , n} and the corresponding request rate
thresholds as {λ0, λ1, . . . , λn}. Let Vi denote a subset of V (i.e., Vi ⊆ V ), which is the set
of active servers when the system is at auto-scaling level i (0 ≤ i ≤ n). For V0, we let ν
denote the number of servers (i.e., |V0| = ν). For the maximum auto-scaling level n, we
have Vn = V , and for the number of active servers, we have |Vi| = ν + i.

At auto-scaling level 0, where the total block request rate is no more than λ0 (i.e.,
λ < λ0), servers in V0 shall serve all requests, and we deactivate all the other servers. As
we must ensure that we can serve the request of any video block, the servers in V0 have
to collectively store all the blocksm ∈M , even if the request rate is minimum. Namely,
we must have νc > |M |f . At level i (i ≥ 1) where the request rate is between λi−1 and λi
(i.e., λi−1 < λ < λi), our active server set Vi has ν + i servers in total to fulfill the request.
Note that, in our problem formulation, we do not enforce the stack operation (i.e., it is
not necessary that V0 ⊆ V1 ⊆ . . . ⊆ Vn).

3.3.2 Problem Formulation

Let M be the set of all video blocks. For a block m ∈ M , we denote its access
probability as pm (where ∑

m∈M pm = 1) and its streaming rate as bm (bits/second).
Given the total block request rate λ (requests per second) and access probability pm, the
request rate for block m is given by λpm. Let Lm be the average holding (or viewing)
time for block m. As we consider the traffic at quasi-steady state, the distribution of
the holding time may differ for different blocks, and we are interested in the average
holding time. Denoting the traffic of a video blockm at request rate λ as Rm(λ) (bits/s),
we have

Rm(λ) = λpmLmbm, ∀m ∈M. (3.1)

To indicate whether server v stores blockm, letMv be the set of video blocks stored
on server v, and the binary block allocation variable as

Imv =

1, ifm ∈Mv,

0, otherwise.
(3.2)
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Aswe do not change the block allocation within the timescale of optimization, the binary
block allocation variables Imv are invariant for all request rates λ. As a server cannot
store blocks beyond its storage capacity limit c (bits), we have

∑
m∈Mv

Imv f ≤ c, ∀v ∈ V. (3.3)

After storing the video block setMv, a server v must serve the corresponding traffic.
For auto-scaling level i, let rmv (i) be the probability of streaming a request of block m
from server v. A server v ∈ Vi can serve the traffic of a blockm only if it stores this block,
i.e.,

rmv (i) ≤ Imv , ∀v ∈ Vi,m ∈M, i = 0, 1, . . . , n. (3.4)

To ensure that we serve all user requests for each block, we must have Rm(λi) ≤∑
v∈Vi

rmv (i)R
m(λi) for allm ∈M , or simply

∑
v∈Vi

rmv (i) ≥ 1, ∀m ∈M, i = 0, 1, . . . , n. (3.5)

At request rate thresholdλi, the traffic of blockm served by server v ∈ Vi is rmv (i)Rm(λi)

for allm ∈M . The total traffic served by server v is given by ∑
m∈M rmv (i)R

m(λi) for any
v ∈ Vi. To ensure video playback performance, the utilization of the streaming capacity
of every server should not exceed a certain limit µ, i.e.,

∑
m∈M

rmv (i)R
m(λi) ≤ µu, ∀v ∈ Vi, i = 0, 1, . . . , n. (3.6)

The number of active servers for each auto-scaling level is another constraint, given
by

|Vi| = ν + i. (3.7)

Recall that for V0, we must have νc > |M |f to store all the video blocks, and ν can be
treated as a given parameter.

Formally, our Auto-scaling Video Allocation and Request Dispatching (AVARD)
problem is formulated as follows: given server set V , streaming capacity u, storage
capacity c, video block setM , access probability {pm}, file size f , average holding time
{Lm}, streaming rate {bm}, and server utilization limit µ, we seek to maximize all the
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request rate thresholds {λi}, i.e.,

max(λ0, λ1, . . . , λn) (3.8)

subject to constraints from (3.1) to (3.7). For every λi, the optimal solution consists
of the block stored on each server (i.e., the block allocation decision {Imv }), the set of
active servers (i.e., the server selection decision {Vi}), and the probability of streaming
a request of video to a server (i.e., the request dispatching decision {rmv (i)}).

Note that {Imv } is the same for all λi, but each λi has its own Vi and {rmv (i)}. For an
arbitrary λ < λi, Rm(λ) satisfies all the constraints from (3.1) to (3.7) by keeping the
current {Imv }, Vi, and {rmv (i)}.

3.3.3 The NP-hardness of AVARD problem

We prove that the Partition Problem, a knownNP-complete problem in number theory,
is polynomial-time reducible to AVARD. The partition problem is to decide whether a
given multiset S = {s1, s2, ..., sn} of n positive integers can be divided into 2 subsets S1

and S2 such that the sums of the numbers in S1 and S2 are the same.

Given S, we construct an instance of AVARD with auto-scaling level 0 as follows. We
denote the sum of all numbers in S as s. We have 2 servers v1 and v2 both with storage
capacity c = n, streaming capacity u = s/2 + n and utilization limit µ = 1. We have 2n
video blocks with size f = 1. The required traffic Rm of the first n blocks is related to the
numbers in S (i.e., Rm = Rm(λ0) = sm + 1 for 1 ≤ m ≤ n). The required traffic of the
other n blocks is 1 (i.e., Rm = 1 for n+ 1 ≤ m ≤ 2n). The decision version of AVARD is
whether these 2 servers can accommodate all the required traffic.

Theorem 3.1. The partition problem is polynomial-time reducible to AVARD problem.

Proof. We show that we can partition the numbers in S into 2 subsets with the same
sum if and only if the 2 servers can serve all the required traffic.

If there is a solution to AVARD that makes the servers to serve all the required
traffic, the streaming capacity of both servers must be fully utilized (i.e., ∑m∈Mv1

Rm =∑
m∈Mv2

Rm = s/2 + n). As we have exactly 2n storage for 2n blocks, each block must
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have exactly one replica. To construct the solution to the partition problem, for every
number in S, if its associated video block is inMv1 , we put it in S1, otherwise it is in S2.

Conversely, if we can partition the numbers successfully, we construct the solution to
AVARD as follows. For the numbers in S1, we put the associated blocks inMv1 , and the
other blocks inMv2 . The unused storage shall be filled with blocks with the required
traffic Rm = 1.

3.4 AVARDO: Approximation Algorithm for Auto-scaling
Block Allocation and Request Dispatching

In this section, we present AVARDO (Auto-scaling Video Allocation and Request
Dispatching Optimization), which jointly optimizes video allocation, server selection,
and request dispatching for a large video pool.

To address the auto-scaling, AVARDO has a stack-based server selection scheme such
that, besides the servers in V0, we arrange servers in an orderly sequence {v1, v2, . . . , vn}
and consider the set of active servers as a stack. Namely, we have Vn+1 = Vn ∪ {vn+1}.
Each server stores a predefined set of videos with a good mix of both hot and cold
contents. The servers in V0, denoted by vn0 (1 ≤ n ≤ ν), are always in the stack for any
auto-scaling levels. When the request rate exceeds threshold λn, we push (activate)
server vn+1 onto the stack. Conversely, when the request rate falls below threshold λn,
we pop (deactivate) the top server vn+1 off the stack. After the stack operations, we
update the request dispatching accordingly.

In Section 3.4.1, we propose the preprocessing stages of AVARDO, where we replicate
the video blocks and cluster them for easier management. In Section 3.4.2, we provide
details on AVARDO for all auto-scaling levels. In Section 3.4.3, we demonstrate the
optimality gap by comparing λn given by AVARDO and the theoretical upper bound λ̄n.
The major symbols used in this section are given in Table 3.2.
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Table 3.2. Major symbols used in AVARDO algorithm.
Notation Definition
vi The server to activate when auto-scaling level goes from i − 1 to i

(i.e., Vi = Vi−1 ∪ {vi})
Pm Streaming ratio of blockm
Nm Number of replicas for blockm stored in V0
NT Number of replicas can be stored in V0
NA Number of surplus replicas in V0 (i.e., NT − |M |)
σm Average replica streaming ratio of blockm
σ Average replica streaming ratio threshold
G The set of video clusters
G(v) The set of video clusters on server v
Gk The set of video clusters that have k replicas
P (g) Total streaming ratio of replicas in cluster g
C(g) Storage capacity used for cluster g
qmg Probability of streaming a request of blockm from cluster g at auto-

scaling level 0
λop Theoretical upper limit of λ threshold

3.4.1 Preprocessing: Block Replication and Clustering

To reduce the complexity of our optimization, we need to replicate popular video
blocks and place them into clusters. Replicating popular blocks avoids the unfavorable
situationwhere toomany users demand the same block, and clustering the blocks creates
mega video files of similar size and access probability. By replicating and clustering, we
simplify the BA decision of AVARDO into allocating clusters instead of numerous video
blocks for each server.

DenotingG as the set of video clusters, we aim to put the videos into ν2 video clusters
g ∈ G such that each server gets ν clusters. At auto-scaling level 0, servers in V0 have all
the ν2 clusters to ensure the full replication of the video blocks. For a server v which
is not in V0, v and any server in V0 always have one same cluster. When a new server v
is activated, its preloaded contents can effectively offload the traffic from the existing
active servers.

To clarify the relation between storage and streaming, we denote the streaming ratio
of video blockm as Pm such that

Pm =
pmLmbm∑

m∈M pmLmbm
, ∀m ∈M. (3.9)

According to (3.1), Pm is proportional to the traffic of block m (e.g., a block m with
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Pm = 0.1 accounts for 10% of the total traffic). Clearly, we have∑m∈M Pm = 1.

Let Nm denote the number of replicas for blockm stored in V0. For each replica of
blockm, its average streaming ratio σm is defined as

σm = Pm/Nm, ∀m ∈M. (3.10)

Note that σm is only for auto-scaling level 0, and it is not necessary to evenly distribute
the request of a blockm to its replicas.

Let P (g) denote the streaming ratio distributed to cluster g, which has

P (g) =
∑
m∈g

σm, ∀g ∈ G. (3.11)

The ideal situation is that the traffic is evenly distributed to each cluster, (i.e., P (g) = 1/ν2

for all g).

Therefore, AVARDO consists of two preprocessing stages:

• The block replication stage decides how many replicas are required for a video block
(i.e., Nm).

• The replica clustering stage decides which replicas are in a cluster (i.e., g).

The block replication is a popularity-based (in terms of Pm) scheme with the following
properties:

1. The least popular block has at least one replica in V0 (i.e., Nm ≥ 1).

2. For the most popular blocksm, each server has at most one replica (i.e., Nm ≤ ν).

3. For the other blocks, Nm is proportional to Pm.

Let NT = νc/f denote the number of replicas that can be stored in V0. As V0 must
store all the video blocks, we must have NT ≥ |M |, and the number of surplus replicas
is denoted as NA = NT − |M |. If V0 can only store |M | replicas (i.e., NT = |M |), we skip
this block replication stage. If we have extra storage (i.e., NA > 0), as the required traffic
of a hot video block may be more than the streaming capacity of a server, we wish to
store such block into multiple servers so that each server only needs to serve a fraction
of its required traffic.
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We introduce a tunable parameter called average replica streaming ratio threshold σ,
such that σm ≤ σ for all the blocks with Nm < ν. In other words, besides the blocks that
have replicas in all the servers, each replica is expected to accommodate at most σ of the
total traffic. Therefore, we have

Nm =


ν, if Pm > νσ,

⌈Pm/σ⌉, if σ < Pm ≤ νσ,

1, if Pm ≤ σ.

(3.12)

For blocks that have replicas in all the servers (i.e., Nm = ν), we call them fully replicated
blocks. For the other blocks, we call them partially replicated blocks.

A smaller σ will increase the number of replicas. To avoid wasting storage, we find
the smallest possible σ through binary search. In the binary search, we can set the initial
lower bound of σ as σL = 1/NT and the upper bound as σH = 1/NA. In each iteration of
the search, we let σ = (σL + σH)/2. If σ makes too many replicas, we let σ be the new σL.
If σ makes too few replicas, we let σ be the new σH . We keep iterating until we find the
suitable σ.

For the replica clustering, we let C(g) denote the used storage capacity for cluster g.
Initially, we let P (g) = 0 and C(g) = 0. We first put all the replicas of partially replicated
blocks into a priority queue Q. We then repeatedly take the top ν2 replicas with the
maximum σm from the queueQ and let every cluster take a replica such that the cluster g
with smaller P (g) can get a replica with larger σm. We give the pseudocode in Algorithm
1.

The preprocessing has an efficient algorithmic time complexity. It has been shown
that searching for σ can be done in O(|M |) [30]. The major component of clustering is
to get the replicas from the priority queue, which is equivalent to sorting the replicas
by their σm. As the number of replicas is comparable to |M |, the time complexity of
preprocessing is O(|M | log |M |).

3.4.2 Block Allocation and Request Dispatching

After the preprocessing stage, the optimization becomes how to manage video
clusters. For the auto scaling level i > 0, we can write i = kν + j such that k ≥ 0 and
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Algorithm 1: AVARDO replica clustering
1 Initialization: P (g) = 0, C(g) = 0, ∀g ∈ G;
2 Put all partially replicated replicas into priority queue Q;
3 while Q ̸= ∅ do
4 Pop top ν2 replicas with maxσm from Q;
5 Put these ν2 replicas into priority queue Qm;
6 Put clusters g ∈ G into priority queue Qg;
7 while QM ̸= ∅ do
8 Pop the replicamwith maxσm from Qm;
9 Pop the cluster g with minP (g) from Qg;
10 Store a replicam in g: g ← m;
11 Update parameters: P (g) += σm, C(g) += f ;
12 end
13 end

1 ≤ j ≤ ν.

We make the block allocation decisions as follows:

• All the servers shall store fully replicated blocks.

• For the servers in V0, we distribute the ν2 clusters into the ν servers such that each
server v ∈ V0 stores ν clusters.

• For server vi such that i ≤ ν, it shall pick one cluster from each server v ∈ V0 where
the cluster has not been picked by the other server vl such that l ≤ ν.

• For server vi such that i = kν+ j with k ≥ 1, we simply letG(i) = G(j) (i.e., server
vi and vj have the same block replication).

As some clusters may have the same video blocks, and these clusters may be put
into the same server, a server can have multiple replicas of the same video block. In this
case, the solution may be sub-optimal, but we still have a good approximation ratio as
shown in Section 3.4.3.

For traffic dispatching, we hope to evenly distribute the traffic to each server. It can be
solved as a MaxFlow or Linear Program problem, but we have a very simple closed-form
solution. The traffic of the fully replicated blocks is evenly distributed to each server.
For the partially replicated blocks at auto-scaling level i, we consider the i = 0 and i > 0

cases separately.
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We first consider the i = 0 case. For all g ∈ G and m ∈ M , we let qmg denote the
probability of streaming a request of blockm from cluster g at auto-scaling level 0, which
is given as

qmg =

1/Nm, ifm ∈ g;
0, otherwise.

(3.13)

For fully replicated blocks, the traffic is evenly distributed to each server. We let G(v)
denote the set of video clusters on server v. The probability of streaming request rmv (0)
for the partially replicated block is given as

rmv (0) =
∑

g∈G(v)

qmg , ∀m ∈M, v ∈ V0. (3.14)

Note that our AVARDO works for any feasible V0. We can set a larger ν for better
request dispatching flexibility at the cost of more active servers at auto-scaling level 0. By
simply letting V0 = V , AVARDO can also be applied to the traditional static provisioning
VoD data center.

We then consider the i > 0 case. At each level i, server vi is added to the stack. We
want vi to evenly offload the traffic of the other servers. At auto-scaling level i = kν + j,
some clusters have k + 1 replicas while the others have k + 2 ones. We denote the set of
the former clusters as Gk+1, and the set of the latter clusters as Gk+2.

The basic idea for RD is that each server shall have the same traffic by adjusting
the traffic distributed to the clusters, which can be formulated as a linear equation. By
solving this equation, we get the following result:

• For the servers v ∈ v1, . . . , vi, we have

rmv (i) =
ν

ν + i

∑
g∈G(v)

qmg , ∀m ∈M. (3.15)

• For the servers in v ∈ V0, denoting Gx = G(v) ∩ Gk+2 and Gy = G(v) ∩ Gk+1, we
have

rmv (i) =
j

ν + i

∑
g∈Gx

qmg +
ν + j

ν + i

∑
g∈Gy

qmg , (3.16)

for allm ∈M .
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3.4.3 Optimality Gap

If the exact optimal solution has request rate threshold λop, and our solution has
threshold λ, the approximation ratio is given as λop/λ. As the approximation ratio is
always greater than 1, we can define the optimality gap as λop/λ− 1. A smaller optimality
gap indicates a better performance of the solution.

We show the optimality gap of AVARDO by proving the following lemmas and
theorem. In Lemma 3.2, we show the upper bound of the average replica streaming
ratio threshold σ. In Lemma 3.4, we show the upper bound of the streaming ratio of
every video cluster g ∈ G. In Theorem 3.4, we calculate the optimality gap of AVARDO.

Lemma 3.2. σ is less than 1/NA.

Proof. According to (3.12), a block m with Pm streaming ratio has at most ⌈Pm/σ⌉
replicas. As ⌈Pm/σ⌉ < Pm/σ + 1 and ∑

m∈M Pm = 1, the total number of replicas∑
m∈M Nm = NT = NA + |M | is less than ∑

m∈M(Pm/σ + 1) =
∑

m∈M Pm/σ + |M | =
1/σ + |M |. As NA + |M | < 1/σ + |M |, we have σ < 1/NA.

Lemma 3.3. For every video cluster g ∈ G, its streaming ratio P (g) is no more than 1/ν2 + σ.

Proof. We prove this by mathematical induction. We show that, at each iteration of
putting a replica into each cluster in our replica clustering algorithm, the difference
betweenmaxP (g) andminP (g) is always no greater than σ (i.e.,maxP (g)−minP (g) ≤
σ).

We first consider the base case where there is only one replica in each cluster. As the
largest σm is no greater than σ, it is obvious that maxP (g)−minP (g) ≤ σ.

Suppose that when we have k replicas in each cluster, maxP (g)−minP (g) ≤ σ still
holds. When we put the (k + 1)th replica into each cluster, we always put the replica
with the larger σm into the cluster with smaller P (g). Therefore, maxP (g) −minP (g)

shall not increase, and maxP (g)−minP (g) ≤ σ holds.

As we have ν2 clusters, on average, each cluster has 1/ν2 streaming ratio. For all
g ∈ G, P (g) ≤ 1/ν2 + σ.

Theorem 3.4. The optimality gap of AVARDO, given by λop/λ− 1, is no more than ν2σ.

43



Proof. In the ideal case, each cluster has P (g) = 1/ν2 so the traffic can be evenly
distributed to servers. Consider the worst case where a server has all clusters with
P (g) = 1/ν2 + σ. For this server, the ratio of its traffic versus the average server traffic is
(1/ν2 + σ)/(1/ν2) = 1+ ν2σ. As the most overloaded server has 1+ ν2σ traffic compared
with the ideal case, to meet the constraint of streaming capacity utilization in (3.6), we
have to reduce λ threshold such that λop/λ = 1 + ν2σ. Thus, in the worst case scenario,
the approximation ratio of our algorithm is 1 + ν2σ, and the optimality gap is ν2σ.

Consider the real-world settings, a nowadays video server can easily have over 10TB
storage, which can store more than 105 videos. Therefore, it is easy to have NA ≥ 105

and σ ≤ 10−5. For auto-scaling level 0, 30 servers are more than enough. Therefore, the
optimality gap ν2σ is less than 1%. We can further reduce σ by partitioning the video
files into blocks with smaller size f .

Note that Theorem 3.4 gives the upper bound of the optimality gap, which means
AVARDO performs no worse than this bound. There exists a probability that AVARDO
performs as bad as this bound, but such poor performance may not happen in reality.
The worst cases (i.e., AVARDO meets the upper limit) only occur when the file size of
the video block f is comparable to the server storage c, or when the number of video
blocks |M | is comparable to the number of servers ν, which are both far from reality.

3.5 Illustrative Experimental Results

In this section, we present experimental results based on real-world data trace of
AVARDO. In Section 3.5.1, we first describe our experimental settings and performance
metrics. In Section 3.5.2, we present illustrative results of AVARDO.

3.5.1 Experimental Environment and Performance Metrics

The real-world data trace for the experiment is from a leading video service website
in China (Tencent Video) over a period of 2 weeks. The website has around one hundred
million daily active users (DAU). To collect the user trace, the video player on the client
side reports the user status (e.g., videos being played and their network traffic) every
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Table 3.3. Baseline parameters used in experiments of AVARDO.
Parameter Baseline value
Number of blocks |M | around 3× 106

Block request rate λ (requests/s) 2, 000
Number of blocks in a server c/f 6× 105

Server streaming capacity u (Gbps) 25
Server utilization limit µ 0.9

minute. We only consider videos longer than 10 minutes, which account for around 1.5
million videos in total. The top 20,000 videos account for more than 60% of the total
traffic. When a video has multiple resolutions and bit rates, we treat them as multiple
video files. In our baseline parameters, we partition the videos into blocks of the same
size of 100MB, resulting in around 3× 106 blocks. At peak hour, there are around 2,500
block requests per second. A server can store 6 × 105 such blocks. Unless otherwise
stated, we used this trace data and the baseline values given in Table 3.3 for our system
parameters.

As AVARDO is applicable to any block access probability distribution, we also use
synthetic data in Figures 3.8 and 3.9, where the block access probability follows the Zipf
distribution with Zipf parameter z. For instance, themth popular block has the access
probability pm ∝ 1/mz. In the experiment, the block access probability is generated
and normalized according to the power-law x−z, with x as the rank and z as the Zipf’s
parameter. A greater Zipf’s parameter indicates a wider gap of the video block access
probability between different ranks.

We show in Figure 3.3 the relationship between the server delay and utilization.
The delay increases quite sharply when the server is getting fully utilized, and the
experimental results agree with the M/M/1 queueing model. Due to the highly convex
nature of the curve, the servers should be uniformly loaded to achieve an overall low
delay. A high fairness index indicates that no server’s utilization is much higher than
the other servers, and the load on all the active servers is well balanced to achieve an
overall low delay. As fairness is a good indicator of delay, we focus on the fairness of
active server utilization in the experiment.

We compare AVARDO with the following traditional and state-of-the-art video
replication schemes:

• Uniform replication, where every video has the same number of replicas. The videos
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Figure 3.3. Delay model for an auto-scaling server.

are randomly stored in the servers.

• Hierarchical popularity replication [27, 177], where we have 2 types of servers: repos-
itory and cache. The repository servers V0 collaboratively store all the videos,
and the cache stores the videos based on video popularity. A video with higher
popularity has a higher chance of being stored in the cache.

• Super optimum, which serves as the theoretical performance bound (i.e., no scheme
can perform better than super optimum). In super optimum, we assume that a
video can be partitioned into blocks with infinitesimal size (i.e., f → 0). As a
smaller f indicates smaller σ, when f → 0 our optimality gap ν2σ → 0. The super
optimum cannot be put into practice because it divides a video into too many
blocks, and the user has to set up the same number of connections to fetch the
whole video, which will incur a lot of overhead.

For request dispatching of the comparison schemes, we use the optimal dispatching
strategy by solving the MaxFlow problem. Note that the algorithmic complexity of
MaxFlow is O(|M |2|V |), which cannot be applied in a real-world system. Comparatively,
the complexity of AVARDO’s RD is only O(|M ||V |).
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Figure 3.4. Maximum request rate threshold versus auto-scaling level.

The performance metrics we are interested in are:

• Request rate threshold λn, which is the optimization objective of AVARDO.

• Optimality gap of λn, which reflects the difference between scheme performance
and the theoretical bound. Optimality gap can be calculated as (λop/λn)−1, where
λop is the result of the super optimum.

• Number of active servers, which is used to evaluate the operation cost over a given
time period.

• Fairness of active server utilization, which shows how the load is distributed among
active servers. We use Jain’s Fairness Index to indicate the fairness, which is
between 0 and 1. The higher the index, the fairer the load is shared.

3.5.2 Illustrative Data-driven Experimental Results

We compare in Figure 3.4 the maximum request rate threshold λi versus the auto-
scaling level for different schemes. The maximum request rate threshold increases with
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the auto-scaling level as we increase the number of active servers. AVARDO is very
close to the super optimum and achieves a significantly higher request rate threshold
than the other 2 schemes. In other words, given the same request rate (i.e., concurrent
users in the system), AVARDO uses fewer active servers. Hierarchical replication’s
performance is not as good as AVARDO because it mainly relies on the repository to
serve the unpopular videos. Uniform replication, due to its popularity-blind nature,
stores insufficient replicas of the popular videos, leading to even poorer performance.
As the optimality gap is quite stable for each auto-scaling level, for the following graphs,
we use optimality gap as the y-axis to compare the schemes.

In Figure 3.5, we examine the effect of the surplus replica space NA on the optimality
gap. A larger NA allows AVARDO to have more replicas for the popular video blocks.
We alter the number of extra storageNA in the server set V0. AVARDO performs well as it
can converge to the super optimumwith very little need for the extra storage. Even when
NA = 0 (i.e., we cannot replicate hot contents), AVARDO still has a small optimality gap.
In reality, the operator does not need to care much about the extra storage issue as the
performance is far better than the theoretical bound.

In Figure 3.6, we examine the effect of the storage capacity ratio (given by NT/|M |)
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Figure 3.6. Optimality gap versus storage capacity ratio.

on the optimality gap. We alter the server storage capacity ratio by changing the server
storage capacity. AVARDO is less sensitive to the storage capacity ratio as it has already
been close to the optimum. Uniform replication has constant performance because it
cannot utilize the extra space due to the popularity-blindness. Hierarchical replication
has better performance with a large storage capacity ratio because it has more space to
store unpopular videos in both repository and cache.

In Figure 3.7, we examine the effect of block size on the optimality gap. We alter
the number of video blocks stored in a server by changing the block file size. All three
schemes tend to have better performance with a larger number of blocks in a server
(i.e., smaller block size) because the traffic of popular video can be distributed to more
servers if we partition it into more blocks. AVARDO is less sensitive to the video file
sizes as it already has a very small optimality gap for larger block size. The optimality
gap of AVARDO and the comparison schemes differ by a wide margin until the block
size becomes small enough. Note that our baseline parameter (i.e., 100MB block size) is
the knee point of AVARDO’s performance curve in this system. When the block size
further decreases, the performance gain is negligible.

Figures 3.8 and 3.9 use synthetic user trace data which follows the Zipf distribution.
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We show in Figure 3.8 how the skewness factor affects the performance of the three
schemes. AVARDO is very insensitive to the skewness of block access probability. The
optimality gap of AVARDO is rather stable over the whole range of the skewness factor.
With a small Zipf’s parameter, the difference of the blocks is small, so uniform replication
is indeed the close-to-optimum solution. However, its performance degrades drastically
with a larger Zipf’s parameter. Hierarchical replication does not perform well for a small
Zipf’s parameter because the popular videos in its cache actually do not have so many
requests.

We show in Figure 3.9 the utilization fairness versus the Zipf’s parameter of block
access probability distribution. AVARDO has an overall good performance on fairness
as we have a good mixture of hot and cold contents in every server. The high fairness
index indicates that AVARDO can effectively balance the load to all the active servers to
achieve an overall lowdelay. When the Zipf’s parameter is higher, hierarchical replication
replicates hot contents at the newly activated servers, which will share a significant
amount of load. This leads to higher utilization fairness. Uniform replication performs
worse as we increase the Zipf’s parameter because it randomly puts the hot contents into
the servers. The fairness degrades when the hot contents have a larger fraction of user
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demand. Note that the comparison schemes may perform better than AVARDO in some
scenarios as they use the optimal dispatching algorithm, which has higher algorithmic
complexity than AVARDO.

We show in Figure 3.10 the trend of user requests over a typical day in a large video
service website. Request traffic can vary by an order of magnitude over a day. We plot
in Figure 3.11 the number of active servers over a typical day given different schemes.
AVARDO uses significantly fewer active servers, which agrees with the result shown in
Figure 3.4. At the peak hour, AVARDO can save more numbers of active servers.

3.6 Conclusion

In this chapter, we have examined the problem of providing a blockbuster VoD
service in a geographic region. To respond to dynamic user traffic in a cost-effective
manner, we have considered a regional auto-scaling cloud-based data center where
servers may be activated or deactivated at any time. User traffic is mapped to one of
the auto-scaling levels where a certain set of servers are activated. Videos are divided
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into fixed-size blocks. To minimize cost, we seek to maximize user capacity at each
auto-scaling level by jointly optimizing block allocation at the servers, server selection,
and request dispatching.

We have formulated the problem as a Multi-objective Mixed-integer Linear Pro-
gramming problem and have shown that it is NP-hard. We have proposed AVARDO, a
novel and efficient algorithm for a very large video pool withO(|M | log |M |) algorithmic
complexity, where |M | is the number of video blocks. AVARDO is a stack-based scheme
and has a proven optimality gap of ν2σ, where ν is the number of active servers at auto-
scaling level 0 and σ is the average replica streaming ratio threshold. The optimality
gap is less than 1% under practical settings. The approximation solution can further ap-
proach the theoretical optimum as we reduce the block file size in the optimization. We
conduct extensive trace-driven experiments under real-world settings. The results agree
with the theoretical proofs and validate that AVARDO is closely optimal. It substantially
outperforms the traditional and state-of-the-art schemes, narrowing the optimality gap
by multiple times.
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Chapter 4

Optimizing Video Management and Resource
Allocation for a Geo-Distributed VoD Cloud

4.1 Introduction

Cloud computing provides an attractive option to convert private infrastructure
investment to daily operating expenses.1 It substantially reduces the cost of purchasing
geographically distributed servers and the risk of over-provisioning. Such a paradigm
has been used to deploy cost-effective distributed Internet services [155, 84, 1, 2]. One
of such services is Video-on-Demand (VoD), which has dominated the Internet traffic
nowadays [66].

In a VoD cloud, the content provider can rent servers and bandwidth from one or
multiple cloud service providers so that it can rescale resources in a timely and adaptive
manner to satisfy fluctuating user demands while meeting user requirements (e.g., in
video startup delay). We consider a Netflix-like VoD service with many blockbuster
videos. In such a network, user delay, defined as the time from his request to the instant
of video playback, is an important QoS measure. As the scale of the service increases,
how to minimize its deployment cost while meeting user delay requirements becomes a
critical issue.

We show in Figure 4.1 a typical cloud architecture for VoD. The cloud consists
of a central server S0 (repository) storing all the videos. The content provider rents
geographically distributed proxy (cloud) servers, 2 labeled as S1, S2, S3 and S4, which
have re-scalable resources (in terms of storage and processing/streaming capacities)
1In this chapter, instead of only considering auto-scaling, we study a general model of a VoD cloud that
can rescale resources according to user demands.

2In this chapter, a proxy server is a node that can store and stream videos and serve its local user demand.
In practice, it can be a CDN node, a server farm, a data center, etc.

54



VoD Cloud

Repository

𝑆0

𝑆1

𝑆2

𝑆4

𝑆3

𝐾01

𝐾04

𝐾14

…

User 
pool User 

pool

User 
pool

Figure 4.1. A distributed and cooperative cloud architecture for VoD service.

55



and are close to user pools. We consider that videos are either entirely stored or not at all.
While all the videos are stored in the central server, for cost-effectiveness consideration,
the proxy servers may store only a fraction of them. Each user has a home (or local)
proxy server to serve his video request. Due to geo-dispersed user groups, a video
may have different popularity at different home servers. If the content requested is
stored locally (i.e., a hit), the home server directly streams to its users from its storage.
Otherwise (i.e., a miss), the home server requests the content from a remote server
(which is either a proxy server or the repository), and the missed content is streamed
via the home server to the users. To ensure service quality, dedicated end-to-end link
capacity (labeled as Kmn for the link from serverm to n) is rented to serve the misses
between servers. Furthermore, processing capacity (e.g. CPU, memory, streaming
resources, etc.) of a server is needed to be rented in order to respond to all its remote
requests. We will use servers to collectively refer to both central and proxy servers. (Note
that, in this chapter , though we mainly discuss in the context of video files of different
streaming rates, our study can be similarly extended to multimedia files with different
bandwidth requirements.)

The above collaborative cloud architecture achieves high resource scalability and
cost-effectiveness. Because video popularity is skewed, we can achieve low storage
cost by storing only a subset of the videos in each server. Moreover, the miss requests
at a server may be served by another nearby proxy servers, hence saving much link
bandwidth from the repository. By properly allocating the amount of server storage,
server processing capacity, and link capacity, such architecture can achieve a tradeoff to
minimize deployment cost while meeting a certain service requirement (on user delay).
For example, if storage cost is relatively low, increasing server storage would lead to
low overall deployment cost. On the other hand, if link cost is relatively low, server
collaboration (and hence purchasing more link capacity) would lead to lower overall
cost.

In contrast to volatile contents such as short video clips and user-generated contents
(UGC), the video popularity and traffic in a Netflix-like VoD system are relatively stable
and predictable [56, 118]. While videos cannot be replicated on-the-fly in the servers,
they can be centrally planned on a longer timescale (say, days). This is similar to resource
allocation, where capacities are rented to meet user delay requirements. This means the
content provider has to plan at intervals (at scheduled time or driven by some system

56



changes) the following two critical challenges:

• Video management: This means content replication (CR) and server selection (SS).
CR is to decide which video should be replicated in which proxy server(s). SS
is to decide which remote server to serve the miss at a local server. Note that SS
and CR are joint problems. Furthermore, as video popularity may be different at
different servers, CR and SS decisions may not be the same for all the servers.

• Resource allocation: To meet the service quality, the content provider has to pay for
the system resources in terms of link capacities allocated between servers, server
processing capacity (to process and stream remote video requests), and server
storage. In the VoD cloud, the deployment cost consists of two major components:
1) server cost due to the total storage and processing capacity at a server; and 2)
link cost due to the bandwidth capacity reserved and data transmitted between
pairs of servers to serve the misses.

In the cloudparadigm, a content providermaydynamically adjust videomanagement
and the rented resources according to the predicted video demand over the timescale
of interest (e.g., in days). As video management and resource allocation are inter-
dependent decisions with the same timescale (i.e., video management can be optimized
given resource allocation, and vice versa), they need to be jointly optimized to minimize
the overall deployment cost, subject to a certain QoS requirement on user delay. RAVO
addresses the joint optimization problem through the following:

• Problem formulation and complexity analysis: We study a novel problem for a VoD
cloud, which is to jointly optimize video management and resource allocation to
minimize the deployment cost given a certain user delay constraint. Our model is
realistic, general, and comprehensive, capturing important system parameters on
server cost, link cost, geographical heterogeneity of video access, and user delays
as QoS constraints (previous work seldom considers all these parameters together).
We show that such a problem is NP-hard.

• RAVO: A novel algorithm to jointly optimize resource allocation and video management:
We propose a novel approximation algorithm based on linear programming (LP)
termedRAVO(ResourceAllocation andVideomanagementOptimization). RAVO
runs efficiently in polynomial time. It has a proven optimality gap on deployment
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cost, and is shown to achieve close-to-optimal decisions on video management
and resource allocation.

• Efficient clustering for a large video pool: To further reduce the computational complex-
ity for a large video pool, we propose a fast algorithm based on spectral clustering
on the videos. The algorithm achieves significantly reduced run-time complexity
(by a factor of O(|V |), where |V | is the number of videos), with little compromise
on system cost.

We conduct extensive experiments and compare RAVO with other state-of-the-art
schemes. Our results show that RAVO with spectral clustering achieves substantially
the lowest system cost, outperforming the other schemes by a wide margin (often by
multiple times). Trace-driven experiments with video data from a large-scale deployed
system further confirm our results.

The remainder of this chapter is organized as follows. We first review related work in
Section 4.2. We then formulate the joint optimization problem and show that it isNP-hard
in Section 4.3. In Section 4.4, we present RAVO. We discuss the case of a large video pool
with our video clustering algorithm in Section 4.5. We show illustrative experimental
results and trace-driven experiments in Section 4.6. We conclude in Section 4.7.

4.2 Related Work

There has been much work on resource provisioning and rescaling in the cloud for
virtual machines (VMs) and web applications based on online algorithms. Such work
often focuses on volatile contents (e.g., short video clips and user generated contents)
and assumes that the data centers replicate the full content or the most popular ones
without collaboration (we consider a VoD cloud where video cannot be fully and cost-
effectively replicated locally). This includes how to predict CPU utilization [14, 56,
140], power consumption [80, 94, 132], service availability [40], network bandwidth
utilization [149], or efficient storage utilization within a data center [85, 148]. There has
also been work optimizing server selection and resource provisioning for multimedia
cloud [4, 31, 118, 44]. All these works are different from ours and have not considered
geo-distributed content replication and retrieval. The cost models they use are also
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fundamentally different from ours, where we comprehensively consider the cost of
server storage, processing, and link bandwidth. We also study the novel joint problem
of resource allocation and video management.

Many heuristic approaches have been proposed to optimize VoD resource provi-
sioning in content distribution networks (CDNs) (in terms of server location, band-
width requirement, storage, etc.) [96, 142, 143, 82, 88]. Another body of VoD work is
on optimizing content replication and retrieval in a CDN with fixed server parame-
ters [110, 16, 6, 7, 22, 61]. Although various models and optimization goals have been
considered, these works have not considered a cloud service where server storage and
processing capacities can be rescaled to meet user demand cost-effectively. As CDN is
generally regarded as a long-term investment, these works have not considered jointly
optimizing video management (in terms of server selection and partial content replica-
tion) and resource allocation for cooperative servers. By studying such a problem, we
can achieve the tradeoff between link bandwidth and server storage/processing, thereof
achieving much lower deployment cost with assured service quality. Furthermore, in
contrast with previous work, we consider uniquely that video popularity may be different
for servers at different geographical locations, and hence servers need to replicate videos
according to their local demand while collaborating to achieve global cost optimality.

VoD research on peer-to-peer (P2P) assisted streaming usually aims at reducing
the load of the repository by effectively using the resource from peers [161, 154, 33,
79, 95, 107, 47]. They have not sufficiently considered the interaction between system
cost and user delay issues. RAVO, in contrast, has a different optimization objective of
minimizing the deployment cost while ensuring a given user delay requirement.

4.3 Problem Formulation and Its NP-hardness

In this section, we present the joint optimization problem for video management
and resource allocation to minimize deployment cost. We first discuss the modeling of
video management (Section 4.3.1), followed by the user delay constraint (Section 4.3.2)
and resource allocation (Section 4.3.3), and finally the cost optimization problem and
its NP-hardness (Section 4.3.4). We show some of the important symbols in Table 4.1.

The overlay network is modeled as a directed graph T (S,E), where S is the set of
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Table 4.1. Major symbols used in RAVO formulation.
Notation Definition
S The set of servers (central and proxy servers)
V The set of videos
L(v) Length of video v (seconds)
p
(v)
m Access probability of video v at serverm
I
(v)
m Boolean variable indicating whether serverm stores video v
Hm Storage capacity of serverm (bits)
R

(v)
mn Probability of streaming video v from serverm to server n

µm Request rate at serverm (requests/second)
ε
(v)
m L(v) Average viewing time of video v at serverm (seconds)
γ(v) Streaming rate of video v (bits/s)
Γmn Average transmission rate from serverm to n (bits/s)
Kmn Link capacity from serverm to n (bits/s)
Um Total upload rate of serverm (bits/s)
Λm Processing capacity of serverm to handle streaming requests from

remote servers (bits/s)
CN

mn Link cost due to directed traffic from serverm to n
CS

m Cost of serverm
C Total deployment cost
DN

mn Delay due to directed traffic from serverm to n
DS

m Delay due to upload streaming of serverm
D̄ Delay constraint of the system (QoS)

central and proxy servers, and E ⊆ S × S is the set of overlay links connecting nodes in
S (which may not be complete). Let V be the set of videos, and L(v) be the length (in
seconds) of video v.

4.3.1 Modeling of Video Management

We model video storage and retrieval. Each user is associated with its local server,
and for cost-effectiveness,it has a storage capacity to store some videos. This server
delivers the locally stored video to the user directly and requests the rest of the video
from the remote server.

Let p(v)m be the popularity of video v at serverm, which is the probability that a user
requests video v at serverm, where∑v∈V p

(v)
m = 1 for allm ∈ S.

Let I(v)m be the Boolean variable indicatingwhether serverm stores video v. Obviously,
we require

I(v)m ∈ {0, 1}, ∀m ∈ S, v ∈ V. (4.1)
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Note that for the repository (i.e., central server), we require I(v)m = 1 for all v ∈ V .

Serverm has a certain storage capacity Hm (bits) to store video replication. To meet
the storage requirement, we require

∑
v∈V

I(v)m L(v)γ(v) ≤ Hm, ∀m ∈ S. (4.2)

If a server does not store the requested video, it has to retrieve it from other servers.
The servers co-operate using a cache and stream model, where a remote server streams to
a user through its home server. In other words, a home server acts as an intermediate
node between the remote server and local users. LetR(v)

mn be the probability of supplying
video v from serverm to server n, and we must have

∑
m∈S

R(v)
mn = 1, ∀n ∈ S, v ∈ V. (4.3)

As the server cannot offer a video it does not store, we get

0 ≤ R(v)
mn ≤ I(v)m , ∀m,n ∈ S, v ∈ V, (4.4)

and by definition, R(v)
mm = I

(v)
m .

Let µm be the video request rate at serverm (requests per second); the request rate
for video v at serverm is hence p(v)m µm. Let ε(v)m L(v) be the average holding (or viewing)
time for video v at serverm, where ε(v)m ≥ 0. A user streams the video from the server
proportional to its holding time. Therefore, the amount of streamed data from serverm
to n for video v upon one request is given by ε(v)n R

(v)
mnL(v)γ(v). Let Γmn (bits/s) be the total

link bandwidth used for video transmission from serverm to n, which can be obtained
as

Γmn =
∑
v∈V

p(v)n ε(v)n µnR
(v)
mnL

(v)γ(v), ∀m,n ∈ S, (4.5)

form ̸= n, and by definition, Γmm = 0. The total rate (bits/s) that serverm serves other
servers is hence

Um =
∑

n∈S,n̸=m

Γmn, ∀m ∈ S. (4.6)

Note that we have considered the geographical heterogeneity of user preference and
interactivity by allowing p(v)m and ε(v)m for the same video v to vary for each serverm (a
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video v preferred at servermmay have ε(v)m > 1, or vice versa). As we are considering the
time-averaged deployment cost at steady state, we are interested in the average holding
time (the distribution of the holding timemay vary for different videos). While watching
a video, a user holds up a stream and may uniformly request any part of the video over
time.

Also, note that we have considered the video transcoding issue by allowing the video
streaming rates to vary for each video v. A video with multiple streaming rates can be
modeled as multiple video versions, and each video version v has its own geo-related
popularity p(v)m and streaming rate γ(v).

4.3.2 Modeling of Delay Constraint

Wemodel the video access delay (user delay). For good user experience, the waiting
time for the video cannot be too long. The total delay of a remote video access mainly
consists of the delay on the remote server and the delay due to the network traffic
between servers.

For any serverm ∈ S, the delay of serving the remote requests (including queueing
and processing the requests) depends on the processing capacity of the server (Λm)

and the total bitrate that serverm serves other servers (Um). Let DS
m be the delay due

to the upload streaming of server m to support video requests from remote servers.
As more requested bitrate and less processing capacity will cause more delay on the
server, this delay is a monotonically non-decreasing function in Um and monotonically
non-increasing function in Λm, i.e.,

DS
m = DS

m(Um,Λm), ∀m ∈ S. (4.7)

For the network delay between servers, we mainly consider queueing and trans-
mission delay as they play vital roles in ensuring the user experience. Let DN

mn be the
delay due to the directed traffic from serverm to n. It depends on the link bandwidth
reservedKmn and the actual data transferred Γmn through the link. Similarly, as more
link traffic and less link bandwidth capacity will cause more delay on the link, this delay
is a monotonically non-decreasing function in Γmn and monotonically non-increasing
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function in Kmn, i.e.,

DN
mn = DN

mn(Γmn, Kmn), ∀m,n ∈ S, (4.8)

with DN
mm = 0. Also, DN

mn does not have to be the same as DN
nm.

To ensure quality of service (QoS), there is an upper bound D̄ of the total delay to
retrieve video from another server, which is the sum of the delay due to server and link,
i.e.,

DN
mn +DS

m ≤ D̄, ∀m,n ∈ S. (4.9)

4.3.3 Modeling of Resource Allocation

We consider a comprehensive cost model for resource allocation in the VoD system.
The cost of the VoD system consists of the cost to rent servers in data centers and the
cost of link bandwidth capacity between servers.

For any remote server m ∈ S, the cost of a server depends on its total storage,
processing capacity (in order to serve the other servers in the network), and actual data
transferred. LetCS

m be the cost of serverm. Server cost is amonotonically non-decreasing
function in Hm, Λm and Um, i.e.,

CS
m = CS

m(Hm,Λm, Um), ∀m ∈ S. (4.10)

Let CN
mn be the link cost due to the directed traffic from server m to n. We pay for

the link capacity reserved Kmn and the actual data transferred Γmn through the link.
(Usually, we may only be charged by eitherKmn or Γmn. In such a case, the price of the
other item is 0.) Link cost is a monotonically non-decreasing function in Γmn and Kmn,
i.e.,

CN
mn = CN

mn(Γmn, Kmn), ∀m,n ∈ S, (4.11)

with CN
mm = 0. Similarly, CN

mn does not have to be the same as CN
nm.

Therefore, the total system deployment cost C is

C =
∑
m∈S

CS
m +

∑
m,n∈S

CN
mn. (4.12)
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Note that, for the generality of the problem formulation, we do not assume the
linearity of the delay functions DS

m, DN
mn and the cost functions CS

m and CN
mn at this

stage. To solve the problem, such functions can all be approximated by piece-wise linear
functions with good optimality, which is discussed in Section 4.4.3.

4.3.4 Cost-optimization Problem and Its NP-hardness

We state our cost-optimization problem as follows:

Optimal Resource Allocation and Video Management Problem toMinimize Total Deployment
Cost (ORVPM): Given topology T , delay upper bound D̄, user demand {µm}, video
popularity {p(v)m }, cost functions {CS

m}, {CN
mn}, and delay function {DS

m}, {DN
mn}, our

objective function is to minimize the total deployment cost given by (4.12), i.e.,

minC =
∑
m∈S

CS
m +

∑
m,n∈S

CN
mn. (4.13)

subject to (4.1) to (4.11). The output is the optimal solution of the video stored in
each server (i.e., {I(v)m }), the retrieval probability between servers (i.e., {R(v)

mn}), the link
capacity between servers {Kmn}, and the storage and processing capacities of each server
(i.e., {Hm} and {Λm}).

Theorem 4.1. The joint optimization problem ORVPM is NP-hard.

Proof. We prove its NP-hardness by deriving a polynomial reduction from the Domi-
nating Set Problem, whose NP-complete version is stated as follows. In graph theory, a
dominating set for a graph T = (S,E) is a subset D ⊆ V such that every vertex not in D
is adjacent to at least one element of D. The domination number ζ(T ) is the number of
vertices in a smallest dominating set for T . For a given graph T = (S,E) and input J , is
the domination number ζ(T ) at most J?

Given T and J , we construct an instance of our decision problem as follows. The
VoD system contains only one video. Consider the case that unit storage cost is 1 per
video and unit access cost of “pulling” a video from a remote server (including the cost
of server processing capacity and the cost of link capacity and actual data transferred)
is 0. Note that such instance construction can obviously be done in polynomial time.
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Our decision problem hence becomes: Given this instance, is there a joint optimization
strategy that achieves a total cost of at most J?

We show that the domination number ζ(T ) is at most J if and only if there is such
an optimization strategy. First, if there is such a strategy, any serverm ∈ S either has
this video or can access the video through a link mn ∈ E. Then the set of nodes m
whose server has the video forms a dominating set D. The size of this set D is at most
J because the storage cost of each server with a video is at least 1 and the total cost is
J . On the other hand, if we have a dominating set D with size J , we can easily derive
such a strategy by assigning the video to each server in set D. Therefore, we reduce
the Dominating Set Problem to our decision problem ORVPM, which proves that our
optimization problem is NP-hard.

4.4 RAVO: Joint Optimization for Resource Allocation
and Video Management

In this section, we present RAVO (Resource Allocation and Video Management
Optimization), an efficient algorithm that jointly optimizes resource allocation and
video management. RAVO first relaxes the NP-hard ILP problem given in Section 4.3
to a continuous linear program (Section 4.4.1). By using randomized rounding, RAVO
accordingly quantizes the LP solution to obtain the video management decisions, i.e.,
the video stored on each server, and the probabilities to retrieve a missing video from
remote servers (Section 4.4.2). Given videomanagement, RAVO then allocates the server
storage, server processing, and link capacities accordingly (Section 4.4.3). We finally
analyze the complexity (Section 4.4.4) and optimality of RAVO (Section 4.4.5).

For clarity, we denote the symbols related to the continuous linear program with a
superscript hat. For the final result after the randomized rounding by RAVO, we still
use the plain symbols.

4.4.1 Relaxing the Joint Formulation as a Linear Program

To address the NP-hard problem, we first relax the constraint in (4.1) as 0 ≤ Î
(v)
m ≤ 1

for allm ∈ S and v ∈ V .
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After such relaxation, it is clear that our problem contains only linear constraints of
real numbers. For any arbitrary piece-wise linear functions of DS

m, DN
mn, CS

m, and CN
mn in

(4.7), (4.8), (4.10) and (4.11), the above problem becomes a linear programming (LP)
problem that can be solved efficiently. Î(v)m in the LP solution refers to the fraction of
video v that servermwould store.

4.4.2 Video Management: Storage and Retrieval

We use Î(v)m from the joint solution of LP as the probability that video v should be
stored at serverm. After making the randomized rounding of the storage decision on
whether to store v atm, we use I(v)m as the Boolean variable indicating whether server
m stores video v. Compared to directly rounding off Î(v)m , randomized rounding can
effectively avoid biased results. For example, if the LP solution suggests that 5 servers
should store 0.4 of a video, after rounding off, none of them would store the video,
and it could be very costly as all the traffic goes to the repository. In comparison, after
randomized rounding, it is highly probable that 2 of them would store the video, which
reflects the intention of the LP solution more accurately.

Let R(v)
mn be the probability that server n, upon a request for video v, would retrieve

from server m after the video placement described in Section 4.4.2. We require that∑
m∈S R

(v)
mn = 1.

If server n cannot retrieve video v at any proxy server suggested by the LP solution,
i.e., ∑m∈S I

(v)
m R̂

(v)
mn = 0, the requests for the video in server n have to be served from the

repository. For the other cases, an obvious way to eliminate the probability to retrieve
from a server that does not have video v is to assign such probability to other servers
m that have video v, and the newly assigned probability is proportional to the original
R̂

(v)
mn given by LP. This can be obtained as

R(v)
mn =


0, if I(v)m = 0;

R̂
(v)
mn∑

m∈S
I
(v)
m R̂

(v)
mn

, if I(v)m = 1;
∀m,n ∈ S. (4.14)
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4.4.3 Resource Allocation: Server Storage, Server Processing and Link
Capacities

With I(v)m , the required storage capacity atm is

Hm =
∑
v∈V

I(v)m L(v)γ(v), ∀m ∈ S. (4.15)

By (4.2), it is clear that the expectation value of Hm is Ĥm. With a large video pool, we
expect that Hm is quite close to Ĥm.

With R(v)
mn, we can calculate Γmn by

Γmn =
∑
v∈V

p(v)n ε(v)n µnR
(v)
mnL

(v)γ(v), ∀m,n ∈ S, (4.16)

and Um by (4.6).

After getting Γmn and Um, we can put them back into function DS
m and DN

mn in (4.7)
and (4.8) to get the values of Λm and Kmn. Specifically, we can efficiently solve the
piece-wise linear equations

DS
m(Um,Λm) = DS

m, ∀m ∈ S, (4.17)

and
DN

mn(Γmn, Kmn) = DN
mn, ∀m,n ∈ S, (4.18)

where DS
m and DN

mn are from the LP solution. Clearly, the QoS constraints described in
(4.9) are satisfied.

4.4.4 Algorithmic Complexity

To solve the LP, we may employ the wide-region centering-predictor-corrector algo-
rithm (i.e., an interior-point method). The number of variables in the formulation is
O(|S|2|V |). Therefore, in the worst case, it has an iteration bound of O(|S||V |1/2) and
a time complexity of O(|S|7|V |3.5). Usually, the iteration number is constant, and the
problem is expected to be solved in O(|S|6|V |3) time.

Furthermore, the time complexity to decide video storage (Ī(v)m ) is O (|S||V |) as all
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the servers and videos are traversed to determine which server to store which video.
Similarly, to decide video retrieval (R̄(v)

mn), we have to traverse all the links and videos.
Therefore, the complexity is O (|S|2|V |).

Given the above, the overall time complexity of RAVO is

O
(
|S|6|V |3 + |S|2|V |

)
. (4.19)

Note that for large |V |, the term O(|S|6|V |3)will dominate.

4.4.5 Storage and Traffic Optimality

The cost is due to either the server storage or the traffic between servers. If we can
prove the optimality of these 2 components, the optimality of RAVO is guaranteed.

We show that the expected value of the storage allocated for each server is the same
as the value of the LP solution. We also show that after randomized rounding, the
expected value of extra traffic to the repository is less than 1/e of the total traffic.

Theorem 4.2. The expected value of storage after the quantization, E(Hm), is same as the LP
solution Ĥm.

Proof. By (4.15, we get

E(Hm) = E(
∑
v∈V

I(v)m L(v)γ(v)) =
∑
v∈V

E(I(v)m )L(v)γ(v)

=
∑
v∈V

Î(v)m L(v)γ(v) = Hm, ∀m ∈ S.
(4.20)

Therefore, no extra cost for storage is expected due to the quantization.

Theorem 4.3. The expected value of extra traffic to the repository is less than 1/e of the total
traffic.

Proof. As mentioned in section 4.4.2, if a server cannot retrieve video from any proxy
server suggested by the LP solution, the request will be served from the repository. This
causes extra cost for network traffic and server streaming. We show that such probability
is less than 1/e. We require that all the videos can be retrieved from the proxies in the
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network, therefore ∑
m Î

(v)
m ≥ 1 for the relaxed linear program. The probability that

none of the proxy servers has the video is ∏
m(1 − Î

(v)
m ), which is maximized when

Î
(v)
m = 1/|S| ∀m ∈ S, where |S| is the number of servers. So the upper bound of the
probability can be written as (1− 1/|S|)|S|, which is bounded by 1/e (i.e.,∏m(1− Î

(v)
m ) ≤

(1− 1/|S|)|S| ≤ 1/e).

The cost due to such extra traffic also depends on the price for the repository’s
processing power and the link price to the repository. For a practical setting that the
price of serving streaming at the repository is twice as serving it in the original proxy
server, the extra cost caused by quantization (i.e., the optimality gap) is less than 1/e of
the original cost.

Note that since the time complexity of randomized rounding is quite low, it is possible
to run the randomized rounding algorithm multiple times and choose the best result to
avoid the worst-case scenario.

4.5 Efficient Computation for Large Video Pool

Despite its efficiency, the running time of RAVO is still high for a large video pool
(note the factor O(|V |3) in (4.19)). To further reduce the runtime complexity, we
propose an efficient video clustering algorithm for a large video pool based on spectral
clustering in Section 4.5.1. Video management and resource allocation are then allocated
in Section 4.5.2. We analyze its algorithmic reduction in Section 4.5.3.

Video clustering with K-means formulation has been used in [23], which assumes
uniform streaming rate and video popularity among servers so that it can be solved
in polynomial time. This method cannot be directly used here due to heterogeneous
streaming rate and geo-heterogeneity of the video popularity. Generally speaking,
most traditional clustering methods (such as K-means, K-medians, k-medoids, and
hierarchical clustering) are NP-hard when we have geo-heterogeneity, and therefore
they cannot reduce the time complexity of RAVO with a large video pool. Our approach
used in this sectionis based on spectral clustering [48], and has a clear polynomial
time complexity bound even with a large video pool and geo-heterogeneity, which can
effectively address these issues.
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Figure 4.2. Framework of RAVO with video clustering.

We show the approach to implement RAVO with spectral clustering in Figure 4.2.
Given the system parameters on the videos, servers, and network, the server first clusters
the videos into super videos to reduce the problem size as described in Section 4.5.1. Then
the server can solve the relaxed LP problem and get the continuous solution for the
super videos as presented in Section 4.4.1. With this solution, the server further calculates
the continuous solution for each video as presented in Section 4.5.2. Based on the
algorithm in Section 4.4.2 and Section 4.4.3, the continuous solution is quantized. The
video management decisions for each video and resource allocation decisions for each
server and link can then be made accordingly.

4.5.1 Efficient Video Clustering Based on the Metric of Concurrency
Density

In order to cluster the videos into groups, we need to consider both storage and
streaming traffic as they both contribute to the total deployment cost. To describe the
streaming traffic, we consider user concurrency, which is the average number of users re-
questing the video at one time. The concurrency density is defined as the user concurrency
divided by the storage requirement, which gives the per-storage user concurrency of a
video. The key idea of clustering is to group videos with similar concurrency densities
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together by minimizing the sum of the differences within each group. The rationale
behind clustering is that if two videos have the same concurrency density and file size,
they will generate the same amount of traffic for any server. Therefore, if we swap them
in the cloud, the deployment cost would remain unchanged.

To formulate the problem, we begin by letting b(v)m be the concurrency density for video
v at serverm, which can be written as

b(v)m = p(v)m ε(v)m , ∀m ∈ S, v ∈ V. (4.21)

Let G be the set of video groups and gi be the ith group in G, where the number of
groups |G| is given as a system parameter. To further motivate our approach, consider a
set of videos v in group g. From (4.5), the link transmission due to videos in g is

Γ(g)
mn =

∑
v∈g

µnb
(v)
n R(v)

mnL
(v)γ(v), ∀m,n ∈ S. (4.22)

If all the videos v ∈ g have the same b(v)n (given by b(g)n ) and R(v)
mn (given by R(g)

mn), (4.22)
can be written as

Γ(g)
mn = µnb

(g)
n R(g)

mn

∑
v∈g

L(v)γ(v), ∀m,n ∈ S. (4.23)

From the above, it is clear that if we group the videos with the same b(v)n and access
the video with the same R(v)

mn, the videos in g can be regarded as an aggregated super
video with concurrency density b(g)n and file size L(g)γ(g) =

∑
v∈g L

(v)γ(v) for the linear
program.

In the case that the videos are of different b(v)m , we cluster the videos with similar b(v)m

into one group and minimize the sum of the distances of concurrency densities within
each group. We consider

b(v) = (b
(v)
1 , b

(v)
2 , . . . , b

(v)
|S|) (4.24)

as an |S| dimensional vector where each dimension represents the popularity of video v
in a server. The distance between 2 video popularities can be measured as the distance
between 2 vectors (e.g., Euclidean distance). Therefore, the objective of our video
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grouping algorithm is to minimize

arggi

|G|∑
i=1

∑
v∈gi

∥b(v) − b̃
(gi)∥2, (4.25)

where b̃(gi) is the mean b(v) of group gi. This formulation is exactly K-means, a method
to partition data into clusters in which each data belongs to the cluster with the nearest
mean. Note that the group size of each groupmay not be the same by K-means clustering.

The above grouping scheme leads to the following:

• Length: Each group size L(gi) is given by

L(gi) =
∑
v∈gi

L(v), ∀gi ∈ G. (4.26)

• Average streaming rate: The average streaming rate of each group γ(gi) is given by

γ(gi) =

∑
v∈gi L

(v)γ(v)∑
v∈gi L

(v)
, ∀gi ∈ G. (4.27)

• Group concurrency density: The group concurrency density b(gi)m is given by

b(gi)m =

∑
v∈gi b

(v)
m L(v)γ(v)

L(gi)γ(gi)
, ∀gi ∈ G,m ∈ S. (4.28)

After video grouping, we run linear programming on these groups by treating them
as |G| super videoswith concurrency density b(gi), length L(gi), and streaming rate γ(gi).

4.5.2 Resource Allocation and Video Management

We discuss how to obtain the quantized parameters for each video v. In serverm, we
have I(gi)m L(gi)γ(gi) space to store all the videos v ∈ gi. All the videos in the same group
should have a similar number of replicas in the cloud. Therefore, we use rarest first in
video placement. When a server makes a placement decision for a group gi, it selects
the video v in group gi which is the least globally stored until the space budget of the
group gi is fully consumed.
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In our retrieval algorithm, we can make R̂(v)
mn = R̂

(gi)
mn for v ∈ gi. Then we use the

method in Section 4.4 for further parameter quantization.

4.5.3 Complexity Reduction

The general K-means clustering problem is NP-hard, and the algorithmic complexity
of its solutions is not easy to analyze. The recent development of spectral clustering has
better performance and a clearer time complexity of O(|S||V |) [48].

After we group the videos, the complexity to solve the linear program is reduced
to O(|S|6|G|3). Since the quantization takes O(|S|2|V |) time, the total complexity is
O(|S|6|G|3 + |S|2|V |). In terms of |V |, the complexity is reduced to linear in |V | (from
O(|V |3)). In addition, for the solution of linear programming, the complexity is reduced
from O(|S|6|V |3) to O(|S|6|G|3), which is very substantial (e.g., |G| is around hundreds,
while |V | can be more than tens of thousands).

Note thatwe can adjust |G| tomake a tradeoff between time complexity and optimality.
For a larger |G|, we can achieve better optimality at the cost of higher time complexity.

4.6 Illustrative Experimental Results

In this section, we first present our experimental environment and performance
metrics in Section 4.6.1, followed by illustrative results in Section 4.6.2. To further
validate RAVO, we give trace-driven experimental results based on real data from a
large-scale deployed VoD system [98] in Section 4.6.3.

4.6.1 Experimental Environment and Performance Metrics

RAVO is general enough to be applied to any pricing scheme, any video popularity,
and geographically heterogeneous video popularity. For concreteness in our experi-
ments, we consider that the local video popularity follows the Zipf distribution with
Zipf parameter z, i.e., the request probability of the ith video, denoted as f(i), is given
by f(i) ∝ 1/iz. To address the geographic heterogeneity of the popularity, we allow a
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Figure 4.3. Delay model for a link between servers.

fraction of the video rank to be different for different servers. Denote the heterogeneity
coefficient ρ (0 ≤ ρ ≤ 1) to be the fraction of videos to be reshuffled. For each server, we
randomly pick up ρ|V | out of |V | videos and randomly insert them back. Note that this
process only changes the order of videos, but the Zipf distribution remains the same.

In our experiments, we consider that requests arrive at each proxy server according
to a Poisson process with a total rate µ (req./second). From Section 4.4, it is clear that
RAVO does not depend on the specific request process or trace pattern so long as the
request rate is the same.

To address RAVO’s capability of utilizing cheap resources, we consider that the price
of link bandwidth for each link follows a Zipf distribution (independent of each other).
The VoD cloud consists of a number of distributed proxy servers. All our results are
obtained at steady state. Unless otherwise stated, we use the default values shown in
Table 4.2 for our system parameters (the baseline case).

We use the M/M/1 queueing model to calculate the delay in each server and link. We
show in Figure 4.3 the link delayDN

mn versus Γmn/Kmn in our experiments, whereKmn is
the link capacity from serverm to server n and hence Γmn/Kmn is the link utilization of
the link. A piece-wise linear function with 4 linear segments approximates the M/M/1
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Table 4.2. Baseline parameters used in experiments of RAVO.
Parameter Default value
Number of proxy servers 20
Number of videos 10, 000
Number of video groups 400
Server storage price σm 0.015
Server processing capacity price cm 0.005
Zipf parameter of local video popularity 1.2
Video length 90minutes
Average video holding time Video length (ε(m) = 1)
Video streaming rate 1Mbits/s
Total request rate in the network 30 req./s (equally distributed to proxies)
Link price between central and proxy
server cmn

0.05

Link price between proxies cmn Zipf with parameter 0.6 and mean 0.005
Heterogeneity coefficient 0.3
Delay constraint D̄ 1

delay curve. The delay increases more sharply with the link utilization as the consumed
bandwidthΓmn approaches the link capacityKmn. The delay caused by server processing
DS

m depends on Um/Λm and has a similar curve.

We consider the link cost from serverm to server n proportional to the link capacity
between them, i.e.,

CN
mn = CN

mn(Γmn, Kmn) = cmnKmn, ∀m,n ∈ S, (4.29)

where cmn is some constant (by definition, cmm = 0).

The cost of a server is a function of its storage and its total processing capacity to
serve the remote servers, modeled as

CS
m = CS

m(Hm,Λm, Um) = σmHm + cmΛm, ∀m ∈ S. (4.30)

To validate our experimental settings, we show in Table 4.3 the price from Google
Cloud Platform [57], which indicates that linear functions fit the price of link cost well.
[57] also indicates the storage cost as fixed at $0.026 for a GB per month, which agrees
with our storage price.

The performance metrics we are interested in are:
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Table 4.3. Link Cost (per GB) from Google Cloud.
Used monthly To China To Australia To Others
0-1 TB $ 0.23 $ 0.19 $ 0.12
1-10 TB $ 0.22 $ 0.18 $ 0.11
10+ TB $ 0.20 $ 0.15 $ 0.08

• Total cost, which is the sum of server cost and link cost according to (4.12). This is
the deployment cost of the network.

• Server cost, which is the sum of its storage and processing capacities defined in
(4.10) and (4.30). We further examine the following cost components: Storage cost
is the total cost due to server storage. Processing cost is the cost of server processing
capacity to support other servers.

• Link cost, which is the cost due to traffic between servers defined in (4.11) and
(4.29).

• Delay, which is the maximum delay caused by links and servers.

As mentioned in Section 4.2, previous work seldom considers the joint optimization
of resource allocation and content management, while simply combining an existing
resource allocation schemewith a content management scheme cannot assure the service
quality. To cover all the important aspects, we extend some state-of-the-art work as the
comparison schemes. We compare RAVO with the following schemes:

• iGreedy [82] with optimal resource allocation, where each proxy server stores
the locally most popular videos and retrieves other videos from the repository.
This scheme considers the local video popularity but does not take advantage of
cooperative replication. It optimizes between the server storage and processing
capacities to achieve low cost for the resource allocation.

• IPTV-RAM (IP TV Resource Allocation and Management) [88] with optimal content
management, which divides the videos into 2 categories: those globally popular
ones which all servers store (full replication), those globally unpopular ones which
only some proxy servers store. By selecting server locations for unpopular videos,
it seeks to minimize deployment cost.

• Super optimum, which is the LP solution without quantization. We call this the
super-optimum solution because it is no worse than the NP-hard exact-optimum
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Figure 4.4. Deployment cost given different request rate.

solution. Note that RAVO must be no better than the exact-optimum solution. We
will see in Section 4.6.2 that RAVO is very close to the super optimum. Therefore,
RAVO is also close to the exact optimum.

4.6.2 Illustrative Results

We compare in Figure 4.4 the total deployment cost versus the total user request rate
for different schemes. Total cost increases with the request rate due to the increase in
link traffic and storage. RAVO clearly achieves much lower total cost compared with
iGreedy and IPTV-RAM, beating them with a large margin. In other words, given the
same deployment budget, RAVO can support a much higher request rate (i.e., more
concurrent users in the system). iGreedy does not perform well because it mainly relies
on the central server to serve the requests for the unpopular videos. IPTV-RAM uses
global popularity instead of considering the geographic heterogeneity, assuming that a
video has the same popularity at all the servers. Therefore, IPTV-RAMmay not store
the most locally popular video in the proxy server, which increases the cost.

We compare in Figure 4.5 the total cost versus the delay constraint for different
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Figure 4.5. Deployment and component cost given different delay requirement.

components of the deployment cost. Total cost increases with a more demanding delay
constraint. RAVO clearly achieves close-to-optimum performance as the gap between
RAVO and the super optimum is quite small. Server storage and server processing cost
remain nearly unchanged, but the link cost increases drastically with the demand of the
lower delay constraint. This indicates that increasing link capacity is more effective in
reducing the total delay.

We show in Figure 4.6 the cost components and total cost versus storage price. The
server storage cost increases with the increasing storage price, but the cost of server
processing and link capacity remains steady. This indicates that a minimum requirement
of storage is needed to keep the popular videos.

We show in Figure 4.7 the cost components and total cost versus link price. The
storage cost and the link cost both increase with the increasing link price, but the
processing cost decreases. This shows the tradeoff between storage and processing.
When the link price is higher, it is economical to store videos locally.

We plot in Figure 4.8 the individual server cost for different schemes. We sort the
proxy servers according to the average link price to retrieve video from a server in
descending order, and the last one refers to the repository. With cheap link price, server
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Figure 4.8. Server cost distribution given different schemes.

cost increases because it will serve more remote requests. RAVO utilizes the cheap
resources of proxy servers well, leading to significantly lower server cost. As iGreedy
only stores the most popular videos at the proxy servers, it has lower proxy cost but
high repository cost. IPTV-RAM chooses a cheap proxy server for unpopular videos,
but the popularity heterogeneity makes fewer videos globally popular. Therefore, the
storage and processing cost for globally unpopular videos is even higher.

We plot in Figure 4.9 the total cost versus group number for video clustering. Due to
the large video number, it is impossible to calculate the unclustered super optimum. As
group number increases, the load indices in the same group are closer to each other, and
the problem is better approximated. Therefore, the cost decreases with more groups
(and more computation time).

We plot in Figure 4.10 the total cost versus the Zipf parameter of video popularity
given different schemes. The total cost, in general, decreases with the skewness. This is
because more requests are concentrated on fewer popular videos, which leads to a lower
miss rate and hence lower processing and link cost. In other words, iGreedy and IPTV-
RAM perform better with a higher Zipf parameter because the decisions made from
RAVO, iGreedy, and IPTV-RAM become more similar. However, RAVO achieves the
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Figure 4.11. Deployment cost given different heterogeneity of video popularity.

lowest total cost even for low skewness (i.e., when the popularity is quite uniform). This
shows that RAVO makes good decisions on video management and resource allocation.

We plot in Figure 4.11 the total cost versus the geographic heterogeneity of video
popularity given different schemes. The total cost of RAVO increases with the geographic
heterogeneity. This is because higher geographic heterogeneity will introducemore error
in the clustering process. The cost of iGreedy is unchanged because the Zipf parameter
of local popularity is the same. IPTV-RAM, on the other hand, has a much higher cost
with more heterogeneous popularity because the difference between global and local
popularity is larger. Still, RAVO is close to the super optimum and outperforms iGreedy
and IPTV-RAM by a wide margin.

4.6.3 Trace-driven Experimental Results

To further validate RAVO, we conduct a trace-driven experiment. The original data
about time-varied traffic, video traffic proportion, and file size are from a major IPTV
service provider company in China (China Telecom IPTV), with traces covering about 2
million users over nearly 5 months [98]. The traces include user access logs, composed
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of video ID, viewing time, video file size, bit rate, etc. We select 6148 Netflix-like videos
where each video’s length is over 40 minutes (i.e., 2400 seconds). The experiment is
carried out based on a 5-day trace data (i.e., a planning phase). For other experiment
settings unrelated to the trace data, we still use the baseline parameters.

We plot in Figure 4.12 the video access probability in descending order. In log-log
scale, the plot is nearly linear, which demonstrates that the video access probability
follows Zipf’s distribution. By regression, the Zipf parameter for the trace data is 0.80.
The results agree with our experimental settings in Section 4.6.1.

We plot in Figure 4.13 the concurrency density and replica number versus video
index. Note that in Figure 4.12 and 4.13 the video indices are different, as in Figure 4.13
we sort the videos in descending order according to their concurrency densities. The
concurrency density follows a distribution different from the video access probability,
where for videos with concurrency density less than 1 the skewness is drastically in-
creased. Usually, a video with concurrency density less than 1 indicates that most of
the users do not finish watching the whole video. In Figure 4.13, we also see that a
video with higher concurrency density will have more replicas on the cloud. Popular
videos have more user demands, so it is more cost-efficient to have more copies over the
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Figure 4.13. Concurrency density and replica number versus video index.

proxies.

As the level of user demand is fixed in the trace data, we add some synthetic trace data
to increase the user request rate to show how the deployment cost changes with more
user requests. The newly added synthetic requests have the same statistical features as
the original real-world data.

We show in Figure 4.14 the total deployment cost versus the total user request rate for
different schemes. The results further confirm the results in Figure 4.4. With real-world
trace data, RAVO still outperforms the comparison schemes with a large margin. In
Figure 4.15, we show the component cost of RAVO. The storage cost increases slower than
the other 2 components when the request rate increases. This is due to the constraint
on the replica number. Each video can have at most one copy per proxy and at least
one copy in the repository. Therefore, there is an upper and lower limit for each video’s
storage cost. Also, as shown in Figure 4.13, there are a lot of videos where the user does
not even want to finish watching them. Such videos’ storage cost is insensitive to the
change of user requests. In other words, one copy in the repository is good enough for
them.
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4.7 Conclusion

We have studied the novel problem of jointly optimizing video management and
resource allocation for a large-scale VoD cloud with distributed collaborative servers
where videos have geographically heterogeneous popularity. The deployment cost
consists of renting link capacities, server storage, and server processing capacity to serve
the misses at remote servers. We seek to minimize the deployment cost given a certain
QoS constraint on user delay.

We first formulate the joint optimization problem, which captures the important
system parameters. After proving the NP-hardness of the problem, we propose RAVO,
a novel algorithm to jointly allocate system resources and manage videos to achieve low
deployment cost. For a large video pool, we further present a video clustering algorithm
that achieves close-to-optimal performance with a substantial (polynomial) reduction
in running time.

We have conducted extensive experiments to compare the performance of RAVOwith
other state-of-the-art schemes. Our results show that RAVO significantly outperforms
the other schemes with much lower deployment cost (cutting it by multiple times). Our
trace-driven experiments based on real-world data further confirm its performance.
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Chapter 5

Minimizing Delay and Cost for a Live Streaming
Cloud

5.1 Introduction

It has been estimated that video will account for 82% of global Internet traffic, and
live video will reach 17% of Internet video traffic [11]. Meanwhile, it has been widely
observed that live streaming traffic varies significantly throughout the day, possibly by
more than an order of magnitude [147, 163]. We consider the overlay distribution of live
video channels for a geo-distributed audience,1 whose network traffic has an enormous
total volume and significant daily variation.

To cost-effectively respond to the live video traffic of such volume and dynamic,
the Content Provider (CP) can allocate geo-dispersed auto-scaling servers (e.g., virtual
machines or instances) and overlay links between them on the fly. Compared with the
traditional infrastructure approach that statically sets aside a certain number of geo-
dispersed servers with fixed streaming capacities, which suffers from overprovisioning
and limited scalability, this auto-scaling system can hence elastically rescale the resources
(e.g., Amazon EC2 [151] can rescale the server capacity within minutes) with a pay-as-
you-go cost model to reduce the deployment costs with high scalability.

For this novel live streaming cloud, the CP allocates geo-dispersed auto-scaling
servers on demand. To support a geo-distributed audience, each auto-scaling server
streams the live content to its associated local users.2 The active auto-scaling servers
1In this chapter, a channel in an Internet live streaming refers to a video service (e.g., a webpage, a
smartphone application, etc.) through which a video source can deliver its video content to others
using this service in real-time. This service is similar to a TV channel in that they both deliver video
content in a real-time manner. It should be noted that a channel in this chapter has little relation to the
definition of a channel in wireless communication.

2In this chapter, a server is a node that can relay streams and serve its local user demand. In practice, it
can be a CDN node, a server farm, a data center, etc.
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form an overlay core network of the live streaming cloud, relaying and streaming the
live channels cooperatively. (An auto-scaling server is inactive when it has no local user
demand.)

We study and optimize the core network of this multi-origin and multi-channel live
streaming cloud, where live video channels originate from some geo-distributed origin
servers, and each end server demands a set of channels requested by its local audience.
(How to deliver the live channels from an end server to its local audience is orthogonal
to COCOS, and we discuss the related work in Section 5.2.) These origin and end servers
form this overlay core network to deliver all the channels to meet the local demand of
each end server. To reduce overall delay, in the core network of this cloud, the streams
are pushed in a streaming fashion from the origin server to the end servers with local
demand.

Without loss of generality, we assume that a channel can only originate from one
origin server (if a channel originates from multiple origin servers, we can create a single
virtual super origin that directly connects to these origin serverswith zero-delay, zero-cost,
and infinite bandwidth virtual link). The channels may have heterogeneous streaming
rates. Each channel stream is delivered in a push manner, and its path forms a delivery
tree from the origin server as the root, covering all the end servers with the demand for
this channel. Clearly, the aggregation of all delivery trees for all the channels forms a
mesh.

In Figure 5.1, we illustrate the core network of an auto-scaling live streaming cloud
under our consideration. We consider the overlay cloud as a complete graph of con-
nectivity. Origin X and Y originate channel 1 and 2, respectively. To serve their local
demand, Server E requests channel 1, Server D requests channel 2, and Server A and C
request both channel 1 and 2. Note that we can activate (or deactivate) any end server,
from A to E, on demand. As Server B has no local demand, it is inactive and hence not
to be paid for.

An end server receives a stream either from the origin server directly, or from another
end server that already has it. Server A directly receives all the channels from the origin
servers, while Server C receives Channel 1 from A but Channel 2 from Origin Y . Server
D receives Channel 2 from C, and Server E receives Channel 1 from Origin X .

The Origin-to-End (O2E) delay of a channel (i.e., the delay from the origin server to
an end server that demands the channel) is an important Quality-of-Experience (QoE)
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measure. It is the sum of the Server-to-Server (S2S) delays of all the overlay links forming
the stream path from the origin to the end server. S2S delay is the time for a signal to
travel from one server to the next over the overlay, given by half of the round-trip time
(RTT).

The deployment cost of the cloud is the sum of server and link costs. The Server cost of
a server depends on its uploading bandwidth to the other servers. Link cost depends
on the data transmission through the overlay link between servers. Both auto-scaling
servers and overlay links are shared with all the channels. Note that, as we mainly
consider the optimization of the core network, given the local user demand, the cost
for an end server to serve its local demand is an independent problem rather than an
optimization parameter of our problem, and thus we do not include it in our model.

We seek to minimize deployment cost and O2E delays of the core network of this
cloud (i.e., it is a bi-criteria problem). Without loss of generality, the problem is equiv-
alently posed as minimizing deployment cost subject to certain given maximum O2E
delay constraints3 [108]. We refer to the decision variables of this optimization as the
overlay construction of the core network, which is the construction of the delivery tree of
each channel, namely, which channels an auto-scaling server shall forward to the others.

As the system parameters (e.g., user demand, S2S delays, server and link prices, etc.)
may change over time, we have to regularly re-optimize the overlay such that, within
each optimization period, the variations of these system parameters are negligible. To
achieve this, we have a central optimizer that computes the overlay trees given the
up-to-date parameters for the upcoming time period.

To the best of our knowledge, COCOS is the first piece of work on bi-criteria opti-
mization of streaming delay and deployment cost of the core network of a multi-origin
multi-channel live streaming cloud with a proven approximation ratio. Our contribu-
tions are as follows:

• Bi-criteria problem formulation and complexity analysis: We formulate a novel, com-
prehensive, and realistic model for this bi-criteria problem, which captures cost
and delay components. We formulate the Minimum Cost Streaming with Delay

3As a multi-criteria problem has multiple objectives, the optimum is given as a set of solutions that
follow Pareto optimality where no single objective can be further better off without sacrificing the other
objectives. Often we optimize one objective and phrase the other objectives as constraints so that they
satisfy certain given bounds.

90



Constraints (MCSDC) problem that constructs multiple channel delivery trees
to minimize the total deployment cost while meeting the given QoE (O2E delay)
constraints. We prove that the problem is NP-hard.

• COCOS: A novel bi-criteria approximation algorithm: We propose an efficient and
implementable bi-criteria approximation algorithm, termed Cost-optimized Multi-
Origin Multi-Channel Overlay Streaming (COCOS), for an auto-scaling multi-
origin multi-channel overlay live streaming cloud. We demonstrate that COCOS
achieves low deployment cost with a proven worst-case approximation ratio,
strictly meets the QoE constraints, and has polynomial time complexity.

• Extensive experimental results: We have conducted extensive trace-driven exper-
imental studies based on real-world user trace (from a leading Chinese video
service provider) and S2S delays from a real live streaming network. We show
that COCOS significantly reduces the deployment cost and tightly meets the QoE
constraints, cutting the cost significantly as compared with the state of the art (in
general by more than 50%).

The remainder of this chapter is organized as follows. We first briefly review re-
lated work in Section 5.2. We formulate the bi-criteria optimization MCSDC problem
of minimizing the total deployment cost with the given delay constraints and prove
its NP-hardness in Section 5.3. We present the bi-criteria approximation algorithm
COCOS and show its optimality in Section 5.4. We show illustrative experimental results
and comparisons with other state-of-the-art schemes in Section 5.5 and conclude in
Section 5.6.

5.2 Related Work

In this section, we briefly discuss related work . We show the major concerns of the
related work and compare them with COCOS in Table 5.1.

There has been much work on optimization of video-on-demand (VoD) service
over content distribution network (CDN) or peer-to-peer (P2P) network with different
objectives and constraints. The work on CDN-based VoD in [172, 74] mainly considers
maximizing the hit ratio by optimizing the caching strategies. By contrast, we consider
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a live streaming network where the contents are not cached, and the origin pushes the
contents to all users in real time. The work on P2P-based VoD [137, 162, 153] mainly
considers minimizing the channel switching delay or minimizing the server load by
effectively using the resource from peers. In such VoD network, the O2E delay is not a
major QoE concern due to the VoD contents.

Work on auto-scaling servers [171, 116, 146, 25] mainly focuses on the internal
operation within a data center instead of the live streaming network as a whole. Recent
work on crowdsourced live streaming [87, 167, 166, 165, 59] focuses on how to effectively
deliver live contents from a CDN server (i.e., an end server) to its local audience,
while COCOS deals with how to form a core network overlay that timely and cost-
effectively delivers the streams from the origin servers to the end servers. Although the
advancement in such fields is beneficial to our live streaming cloud, these schemes are
orthogonal to our problem of optimizing the core network overlay of a live streaming
cloud.

While cost and delay optimization of overlay live streaming has been studied, most
of the work only focuses on one of the objectives. Some works [97, 138, 42, 68] seek to
minimize total cost, while others [106, 125, 101, 159] focus on minimizing O2E delay. We
cannot directly extend these schemes to our bi-criteria optimization of the core network
as applying them without considering the tradeoff between delay and cost would lead
to either excessive overprovisioning of resources or unsatisfactory O2E delay.

Work on multi-origin multi-channel overlay design has considered various different
objectives from ours, such as minimizing inter-ISP traffic [47, 107, 63], minimizing
the overall delay [36, 92, 93, 121, 12], reducing channel switching delay [76, 70], or
maximizing the number of delivered channels while reducing the server load [135, 175,
178, 152, 174, 60]. The multi-origin multi-channel auto-scaling live overlay network we
formulate here is novel, with a general and realistic cost and delay model. To the best of
our knowledge, COCOS is the first to consider both O2E delay and deployment cost of
the core network of such a live streaming cloud. Previous work does not even consider
a single-channel version of this optimization problem.

The measurement studies in [163, 99, 18] indicate that it is challenging to guarantee
QoE for live contents for a multi-origin multi-channel live streaming network, though
they have not given a solution. Some work on streaming multicasting [9, 78, 164, 75]
aims at creating a minimum cost multicast topology on multiple streams, but they have
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not considered the O2E delay. Meanwhile, the scheme in [78] assumes homogeneous
bandwidth pricing schemes across all geographical locations, which only applies to the
network with a fixed unit price of data transmission from server to server. By contrast,
the model we consider is general, realistic, and comprehensive, capturing the cost of
auto-scaling servers and link capacities with heterogeneous pricing. To address QoE, we
also consider the major components of O2E delay as a bi-criteria problem, and propose
a bi-criteria approximation algorithm with a proven approximation ratio.

5.3 Bi-criteria Problem Formulation and Its NP-hardness

Our bi-criteria problem is to minimize deployment cost and O2E delays, which
is equivalently posed as minimum cost streaming with given delay constraints. In
this section, we first present the formulation of the bi-criteria problem in Section 5.3.1,
followed by proving its NP-hardness in Section 5.3.2. We show the major symbols used
in this section in Table 5.2.

5.3.1 Cost Minimization with Delay Constraints

We model the live streaming cloud overlay as a directed complete graph G = (V,E),
where V is the set of vertices corresponding to both origin and end servers. (If we cannot
set up an overlay link between 2 servers, we can set the corresponding link price to a
very large value so that any practical solution will not use this link.) Let S be the set
of origin servers and R be the set of end servers, where V = S ∪ R. Without loss of
generality, we consider that the origin servers have no local users, i.e., S ∩R = ∅ (If not,
we may split the server into two parts, one being the origin server with all the channels
and the other being the end servers with all the local users. The two parts are then
connected by a link of zero cost, zero delay, and infinite bandwidth). We let ⟨i, j⟩ denote
the directed overlay link from server i to j, and let E ⊆ V × V be the set of overlay links
between servers (i.e., ⟨i, j⟩ ∈ E).

LetM be the set of channels and s(m) ∈ S be the origin server of channel m ∈ M ,
and τ(m) be the streaming rate of channelm. We let R(m) denote the set of end servers
that demand channelm. Each channelm ∈M is delivered to all servers inR(m) through
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Table 5.2. Major symbols used in COCOS formulation.
Notation Definition
S The set of origin servers
R The set of end servers
V The set of both origin and end servers (V = S ∪R)
⟨i, j⟩ The directed overlay link from server i to j
E The set of all overlay links
M The set of all channels
R(m) The set of end servers that demand channelm
Mi The set of channels that end server i demands
τ(m) Streaming rate of channelm (bit/s)
s(m) Origin server of channelm
ui Uploading rate at server i (bit/s)
bij Transmission rate through link ⟨i, j⟩ (bit/s)
T (m) The delivery tree of channelm
xij(m) Binary variable indicating whether link ⟨i, j⟩ is in T (m)
Lij Server-to-Server (S2S) delay of link ⟨i, j⟩ (in second)
Di(m) Origin-to-End (O2E) delay of channelm at server i (in second)
Di(m) O2E delay upper bound of channelm at server i (in second)
Θi Server cost of server i (per second)
θi Unit price of uploading streaming at server i (per bit)
Φij Link cost due to traffic through link ⟨i, j⟩ (per second)
ϕij Unit price of data transmission through link ⟨i, j⟩ (per bit)
C Total deployment cost (per second)
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a delivery tree T (m), and hence we have a total of |M | delivery trees. Note that in this
delivery tree T (m), the origin server s(m) is the root and all the other end servers form
the set R(m).

Let xij(m) be a binary variable indicating whether link ⟨i, j⟩ is used in the delivery
tree T (m), so we have

xij(m) =

1, if ⟨i, j⟩ ∈ T (m);

0, otherwise .
(5.1)

As every end server i ∈ R(m) needs to get channelm, we have

∑
⟨i,j⟩∈E

xij(m) ≥ 1, ∀j ∈ R(m),m ∈M. (5.2)

To mathematically specify that T (m) is a tree structure, we have to ensure that T (m)

has |R(m)| edges, i.e., ∑
⟨i,j⟩∈E

xij(m) = |R(m)|, ∀m ∈M, (5.3)

and T (m) has no cycle, which can be equivalently expressed as, for any subset of the
vertices of T (m) denoted as T ′, we must have at most |T ′|−1 edges in this subset, namely,

∑
i,j∈T ′,⟨i,j⟩∈E

xij(m) ≤ |T ′| − 1, ∀T ′ ⊆ T (m),m ∈M. (5.4)

For each link ⟨i, j⟩ ∈ E, the transmission rate bij through the link is given as

bij =
∑
m∈M

xij(m)τ(m), ∀ ⟨i, j⟩ ∈ E, (5.5)

and the uploading rate ui at server i ∈ V to serve other end servers is therefore given as

ui =
∑

⟨i,j⟩∈E

bij, ∀i ∈ V. (5.6)

We denote the server-to-server (S2S) delay of link ⟨i, j⟩ as Lij and the origin-to-end
(O2E) delay of server j in tree T (m) as Dj(m), which is equal to the delay of its direct
parent i in tree T (m) plus the S2S delay of link ⟨i, j⟩, i.e.,

Dj(m) = Di(m) + Lij, if ⟨i, j⟩ ∈ T (m). (5.7)
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By definition, the O2E delay is 0 for the origin server of each channel (i.e., Di(m) =

0,∀i = s(m),m ∈M).

To guarantee the QoE, we have to ensure that, for an end server i that demands
channelm, the O2E delay Di(m) is bounded by a given parameter termed as O2E delay
upper bound Di(m), i.e., we must have

Di(m) ≤ Di(m), ∀i ∈ R(m),m ∈M. (5.8)

The deployment cost consists of server and link cost. We adopt a general linear cost
model, which is widely used in practice (e.g., a very popular 95th-percentile pricing
scheme [134] is a special case of linear cost). Let Θi be the server cost of server i, and θi
be its unit price of uploading streaming. Θi is charged by the server uploading rate ui of
server i, i.e.,

Θi = θiui, ∀i ∈ V. (5.9)

Let Φij be the link cost of link ⟨i, j⟩, and ϕij be its unit price of data transmission. Φij

depends on the transmission rate bij of link ⟨i, j⟩, i.e.,

Φij = ϕijbij, ∀ ⟨i, j⟩ ∈ E. (5.10)

Note that Θi = 0 indicates that server i is not in use, and similarly Φij = 0 indicates that
link ⟨i, j⟩ is not in use.

The total deployment cost C is the sum of server cost and link cost, given by

C =
∑
i∈V

Θi +
∑

⟨i,j⟩∈E

Φij. (5.11)

We state our cost optimization problem of Minimum Cost Streaming with Delay
Constraints (MCSDC) as follows: given overlay topology G, origin server {s(m)}, end
server set {R(m)}, S2S delay {Lij}, unit price of server uploading streaming {θi} and
link data transmission {ϕij}, and O2E delay upper bounds {Di(m)}, we seek to find the
overlay construction {xij(m)} for streams of all channelsm ∈M to minimize the total
deployment cost C subject to constraints from (5.2) to (5.10).
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5.3.2 The NP-Hardness of MCSDC Problem

MCSDC is NP-hard since the NP-hard Shallow-Light Spanning Tree (SLST) Problem
[114] is reducible to our MCSDC problem.

We state the SLST problem as follows: In a directed graphG(V,E), each link ⟨i, j⟩ ∈ E
has an associated positive costΦij and a positive delay Lij . Let s ∈ V be the origin vertex,
and for the other vertices v ∈ V , we associate each vertex with a given delay upper
bound Dv. SLST is to find the spanning tree from s as the root in G with minimum
total cost such that the delay measured from origin vertex s to any vertex v along this
spanning tree is no greater than Dv.

It is straightforward to see that the SLST problem is a special case of the MCSDC
problem with only one origin server corresponding to one channel and all the other end
servers demanding this channel. Meanwhile, the server cost in the graph is omitted, and
we only consider the S2S delay and link cost. Hence, it is clear that SLST is polynomial-
time reducible to MCSDC.

5.4 COCOS: Bi-Criteria Approximation Algorithm for an
Auto-Scaling Live Cloud

In this section, we present a bi-criteria approximation algorithm: Cost-optimized
Multi-Origin Multi-Channel Overlay Streaming (COCOS). We first present the overall
idea and basic concepts of bi-criteria approximation in Section 5.4.1, and reformulate the
original MCSDC problem as a Linear Programming (LP) problem in Section 5.4.2. Then,
in Section 5.4.3, we present the COCOS algorithm to construct low-cost and QoE-assured
delivery trees for each channel based on the LP solution. We analyze the algorithmic
complexity and prove the approximation ratio of COCOS in Section 5.4.4. We show the
major symbols used in this section in Table 5.3.
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Table 5.3. Major symbols used in COCOS algorithm.
Notation Definition
α + δ COCOS approximation ratio of the deployment cost
β COCOS approximation ratio of the O2E delay
k Number of substreams for a channel
CSO Deployment cost of LP super optimum solution (per second)
CEO Deployment cost of exact optimum solution (per second)
CID Deployment cost of COCOS given k →∞ (per second)
CCC Deployment cost of COCOS (per second)
zij(m) Fractional stream of channelm through link ⟨i, j⟩
f l
ij(m) Flow fraction of channelm to server l through link ⟨i, j⟩
ui(m) Uploading rate of channelm at server i in LP (bit/s)
bij(m) Transmission rate of channelm through link ⟨i, j⟩ in LP (bit/s)
C(m) Deployment cost due to channelm in LP (per second)
Ψ(m) The set of substreams of channelm
Γ(ψ) The delivery tree of substream ψ
nij(m) Number of substreams allowed on link ⟨i, j⟩ for channelm

5.4.1 Preliminaries for Bi-criteria Approximation

1 Optimal Solution

We first discuss the optimal solution of the MCSDC problem. As we have shown
in Section 5.3.2, the original MCSDC problem is NP-hard, making it very unlikely to
find the exact optimal solution efficiently in both theory and practice. In Section 5.4.2,
we reformulate the original MCSDC problem as an efficiently solvable LP problem by
relaxing some constraints. We treat each channel as an infinitesimally divisible stream
meaning we can split a channel stream into an arbitrary number of fractional flows. We
also use the average delay of fractional flows to meet the delay constraint.

We denote the optimal solutions of the MCSDC problem and the LP problem by the
exact optimum and the super optimum, respectively, and their corresponding deployment
cost by CEO and CSO. A feasible (but not necessarily optimal) solution of the original
MCSDCproblemmust be a feasible solution of the LP problem, and thus the deployment
cost of the exact optimum cannot be better than the super optimum (i.e.,CSO ≤ CEO). We
have two purposes for the super optimum solution. First, although the super optimum
is not a feasible (i.e., implementable) solution of the original MCSDC problem, it serves
as the basis to construct the approximation solution. Second, since we cannot obtain the
exact optimum, we only compare COCOS with the super optimum. If we can obtain an
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approximation ratio with respect to the super optimum, this ratio must also hold for the
exact optimum.

2 Approximation Ratio

We then briefly introduce the approximation ratio of this bi-criteria problem. As the
bi-criteria problem of MCSDC considers both the deployment cost and the O2E delay,
to address the optimality of COCOS as an approximation algorithm, we have to show
that the difference between the solution given by COCOS and the super/exact optimum
is bounded by a specific ratio in terms of both cost and delay. With the deployment cost
given by COCOS as CCC, we denote the approximation ratio of the deployment cost as
α + δ and that of the O2E delay as β. This means that CCC ≤ αCEO, and the delay at
each end server for channelm is at most β times the optimum solution.

Specifically, COCOS achieves α = 1 + ε and β = 1 + 1/ε, where ε, as a positive real
number, is given as a tunable parameter that allows tradeoff between the optimality
of cost and delay. The positive real number δ is also a tunable parameter that allows
tradeoff between cost and algorithmic time complexity, which can be arbitrarily close
to 0 at the expense of computation time. Note that by canceling ε in the equations, we
have 1/α + 1/β = 1. We evaluate the impact of ε through experiments in Section 5.5.2.

3 Approximation Solution

We outline the overall structure of the algorithm of COCOS that constructs the core
network overlay from the LP solution. When computing the LP solution (i.e., the super
optimum), we first let the delay constraints in the LP formulation be 1/β of the given
delay upper bound Di(m). This allows COCOS to meet the delay constraints given in
(5.8) of the original MCSDC problem formulation in Section 5.3.1, even with the O2E
delay approximation ratio β.

To efficiently approximate the LP solution, we then construct a k-substream solution
as an intermediate step. We evenly divide a channel stream into k substreams, and the
substream solution approaches the super optimum with the cost approximation ratio α
as k goes to infinity (k →∞). We call this the COCOS-ID solution as it would be the
solution of COCOS if we allow all the streams to be infinitesimally divisible, and we
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Figure 5.2. An example of substream solution for k = 2.

denote the corresponding deployment cost as CID. For a finite k, we can get k candidate
substream delivery trees, and we choose the topology of the substream tree with the
lowest cost as the final solution of COCOS.

We give an example of a substream solution in Figure 5.2. Unlike the original system
in Figure 5.1, here both Channel 1 and 2 have 2 substreams. (We have no upper limit for
the number of substreams, and here we choose k = 2 substreams only for simplicity.)
Each channel is evenly divided into 2 substreams, and every end server that demands
this channel shall get both substreams.
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4 Theoretical Proof

We finally outline the proof of the approximation ratio. To prove the cost approxi-
mation ratio of COCOS, we show that CID ≤ αCSO (thus CID ≤ αCEO). In Section 5.4.4,
we further prove that the gap between CID and CCC can be arbitrarily close to 0 (i.e.,
δ → 0) as k increases, which finally shows the deployment cost approximation ratio
α+ δ. Note that our theoretical approximation ratio gives the performance guarantee
in the worst-case scenario, which rarely happens in practice. In Section 5.5.2, we show
that under practical settings, COCOS gives a near-optimal solution through trace-driven
experiments based on real-world data.

5.4.2 Relaxing MCSDC Problem to an LP Formulation

The solution of the LP formulation serves as the super optimum and the basis of
constructing the approximation solution in COCOS. Instead of considering the deploy-
ment cost C as a whole, we can decompose the original multi-origin multi-channel
problem and optimize each channel separately and independently. Specifically, we let
ui(m) denote the uploading rate of channelm at server i, bij(m) as the transmission rate
of channelm through link ⟨i, j⟩, and C(m) as the deployment cost due to channelm.

Furthermore, instead of considering the channel stream as a whole in the LP for-
mulation, we treat it as an infinitesimally divisible stream. By relaxing (5.1), we use a
continuous variable zij(m) to replace the binary variables xij(m) form ∈M . Specifically,
we let zij(m) be the fraction of the stream of channelm that transmits through link ⟨i, j⟩,
and we have 0 ≤ zij(m) ≤ 1 by definition. Hence,

bij(m) = zij(m)τ(m), ∀ ⟨i, j⟩ ∈ E,m ∈M. (5.12)

Accordingly, we also have

ui(m) =
∑

⟨i,j⟩∈E

bij(m), ∀i ∈ V,m ∈M, (5.13)
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and the deployment cost due to channelm is given as

C(m) =
∑
i∈V

θiui(m) +
∑

⟨i,j⟩∈E

ϕijbij(m), ∀m ∈M. (5.14)

We further replace the constraints in (5.2) by using the property of flow conservation.
We let f l

ij(m) denote the fraction of conceptual stream flow of channelm from the origin
server s(m) to a destination end server l ∈ R(m) via link ⟨i, j⟩. By considering the flows
that go out of and come into server j, we have

∑
⟨j,k⟩∈E

f l
jk(m)−

∑
⟨i,j⟩∈E

f l
ij(m) =


1, if j = s(m);

−1, if j = l;

0, otherwise.

(5.15)

In other words, we only have outgoing flow for the origin server s(m), and only have
incoming flow for the destination end server l. For the other servers, the incoming flow
shall be equal to the outgoing flow. As f l

ij(m) only considers the flow to end server l, for
the transmission rate of channelm on link ⟨i, j⟩, we have

0 ≤ f l
ij(m) ≤ zij(m) ≤ 1, ∀l ∈ R(m), ⟨i, j⟩ ∈ E. (5.16)

Instead of letting every fractional flow satisfy the delay upper bound, we relax (5.8)
such that we only let the average delay of all flows satisfy the delay upper bound, where
we can write the average delay for fractional stream as ∑ f l

ij(m)Lij . Meanwhile, we
let the delay upper bound be Dl(m)/β so that COCOS can still satisfy the delay upper
bound Dl(m) given in (5.8) even with the delay approximation ratio β. So we have

∑
⟨i,j⟩∈E

f l
ij(m)Lij ≤

1

β
Dl(m), ∀l ∈ R(m),m ∈M. (5.17)

Note that a very large β or a too small Dl(m)may let the whole problem have no feasible
solution. Thus, we have to set an appropriate Dl(m) to avoid such a situation.

It is straightforward that CSO =
∑

m∈M C(m). Hence, to minimize CSO, we just need
to optimize the LP formulation for each channelm independently, whose objective is
minimizing C(m) given the constraints (5.12) to (5.17).
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5.4.3 Overlay Construction from LP Solution

To efficiently approximate the LP solution, we first construct a substream solution
where we split each channel evenly into k substreams, and thus each substream has a
streaming rate of τ(m)/k. With more substreams, we can make the cost approximation
ratio of the substream solution closer to α. Especially, when k goes to infinity, our
substream solution is infinitesimally divisible, and thus the approximation ratio is α
(i.e., δ → 0).

To construct the overlay topology for finite numbers of substreams k, we first compute
howmany substreams can be allocated in each link. As our proposed cost approximation
ratio for CID is α, for channelm on link ⟨i, j⟩, the transmission rate is therefore given as
αbij(m), and the uploading rate at server i is given as αui(m). Denoting the number of
substreams of channel m on link ⟨i, j⟩ as nij(m), we further round up bij a little bit so
that we have an integral number of substreams, and thus we have

nij(m) = ⌈αkbij(m)/τ(m)⌉. (5.18)

Given nij(m), we start to construct k delivery trees for channelm. We denote the set
of substreams of channelm as Ψ(m), and delivery trees of the substream ψ ∈ Ψ(m) as
Γ(ψ). To construct one tree, we set the origin server s(m) as the root, and use Dijkstra’s
algorithm to include all the end servers in R(m) such that, in this substream delivery
tree, each end server achieves the minimum delay with the links that have nij(m) > 0.

After constructing a substream delivery tree, if we have used link ⟨i, j⟩, we deduct
nij(m) by 1. We repeat the Dijkstra’s algorithm until we have all the k substream delivery
trees. Note that this algorithm is extended from the greedy arborescence packing
algorithm introduced in [49], which also gives the proof that our algorithm can correctly
generate k trees. We give the pseudocode of the whole process of constructing all k
delivery trees in Algorithm 2.

Given these k substream delivery trees for channel m, we choose the substream
ψ ∈ Ψ(m) whose delivery tree Γ(ψ) has the minimum cost and deliver the whole
channel through this tree (i.e., we let T (m) = Γ(ψ)). As this tree has the minimum cost
among the substreams, the final single stream solution of COCOS is no worse than the
substream solution.
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Algorithm 2: Substream Delivery Trees
1 foreach ψ ∈ Ψ(m) do
2 source← s(m)
3 nodes← R(m)
4 links← {⟨i, j⟩ |nij(m) > 0, ⟨i, j⟩ ∈ E}
5 Γ(ψ) = Dijkstra(source, nodes, links)
6 foreach ⟨i, j⟩ ∈ E do
7 if ⟨i, j⟩ ∈ Γ(ψ) then
8 nij(m)− = 1
9 end

10 end
11 end

Note that it is very likely that this algorithm would first generate substream delivery
trees with very high cost despite low delay. Therefore, to find a good approximation
solution for this bi-criteria optimization problem with balanced cost and delay, we have
to generate enough trees as candidates.

5.4.4 Algorithmic Complexity and Approximation Ratio

For the algorithmic complexity of solving the LP problem, it has been proven that
this method has O(N3) overall time complexity, where N is the number of variables
in the linear program [77]. As there are |V |3 variables in the linear program for each
channel, the time complexity of LP is O(|V |9) for one channel, and O(|V |9|M |) for the
whole problem.

In the overlay topology construction step, the major part of the algorithmic time com-
plexity is to compute all the substream delivery trees, which runs inO(|E|+ |V | log(|V |))
time for Dijkstra’s algorithm to generate a substream delivery tree. Aswe are considering
a complete graph where O(|E|) = O(|V |2), and we have k|M | substreams in total for
all the channels, COCOS runs in O(|V |9|M |+ k|V |2|M |) time in total. With a moderate
number of k, the predominant term is O(|V |9|M |).

For a typical large-scale real-world system (e.g., the system under study in our trace-
driven experiments in Section 5.5), it takes less than a minute to run the algorithm on a
normal desktop PC. The frequency to execute the algorithm depends on the timescale
of the system parameters. Normally, as the parameters vary very little within an hour,
the timescale is in the order of an hour.
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To prove the delay approximation ratio β, we first show that COCOS can generate k
substream trees that satisfy the O2E delay constraint in (5.8). In the LP formulation, we
require that the average delay of channelm at end server i is bounded by Di(m)/β. By
considering Markov’s inequality, at least 1/α = 1− 1/β of the fractional stream must
satisfy the delay bound Di(m). Therefore, as COCOS allocates the resource that can
accommodate ⌈αk⌉ substreams, we have at least k substreamswhose delays are bounded
by Di(m). Note that, because Markov’s inequality describes the worst case, usually more
than 1/α fraction of flow is bounded by Dl(m).

For the cost approximation ratio α + δ, we prove it in 2 steps. We first show that
CID ≤ αCEO. This is because, in COCOS-ID, we directly let all the flow fraction parameter
f l
ij(m) be α times the original value given by the super optimum so that each end server
can get enough fraction of the stream that satisfies the O2E delay constraint in (5.8).
Consequently, ui and bij are at most α times the super optimum (i.e., ui = α

∑
m∈M ui(m)

and bij = α
∑

m∈M bij(m)), and the deployment cost CID is at most αCSO. As CSO ≤ CEO,
it is clear that CID ≤ αCEO.

We finally show that δ → 0 as we increase k to infinity. The gap between COCOS and
COCOS-ID is due to the fact that we have to round up the link and server resources to
ensure an integral number of substreams in a link or a server. As the resource to round
up is at most for one substreamwhose bitrate is τ(m)/k, with a greater k, each substream
requests less resource, and when k goes to infinity, the substream bitrate τ(m)/k goes
to 0. In Section 5.5, we show that, with a moderate number of k (e.g., k = 10), the gap
between CCC and CID is negligible, and COCOS achieves near-optimal performance.

5.5 Data-driven Experimental Results

In this section, we first present our trace-driven experimental environment and
performance metrics in Section 5.5.1. Then we discuss the illustrative results based on
real-world video service data in Section 5.5.2.
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Figure 5.3. Average user number over a typical day.

5.5.1 Experimental Setup and Performance Metrics

We have implemented our experiments based on a real-world network topology and
user traces to study our algorithm. The experiments are carried out on a real Internet
topology provided by CAIDA. The round trip times (RTTs) between inter-connected
routers are also given in the topology. In underlay routing, we use distance-vector
to compute the S2S delay between any two servers in the network. To generate the
experimental environment, origins and end servers are randomly attached to the router
nodes in this live streaming network. From Figures 5.5 to 5.10, the regional demand
for channels is based on real-world data trace from a leading video service website in
China (Tencent Video) over 2 weeks. We give the average user number over a typical
day in Figure 5.3 and the access probability of the channels in Figure 5.4. We re-optimize
the system every hour and take the average of the deployment cost in each hour as the
result.

As COCOS is applicable to any channel popularity distribution and network envi-
ronment, to further validate COCOS’s performance, we also use synthetic data for the
regional demand in our experiments from Figures 5.11 to 5.15 where the channel popu-
larity follows the Zipf’s distribution. With Zipf’s parameter z, themth popular channel
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Figure 5.4. Access probability of the channels.

has the demanded server numberR(m) ∝ 1/mz. Channels are randomly assigned to the
servers. A greater Zipf’s parameter indicates that a popular channel has more servers
demanding it, and an unpopular channel has fewer servers demanding it.

We show the baseline parameters in Table 5.4. Unless otherwise stated, we use the
following parameters in our experiments: number of origin and end servers |V | = 100,
number of channels |M | = 60, and delay upper bound D = 800ms. The streaming rates
of the channels have a mean of 1.2 Mbps and a standard deviation of 0.2 Mbps. The
prices of link data transmission have a mean of 0.1 per Mbit and a standard deviation of
0.05 per Mbit. The prices of server uploading streaming have a mean of 0.1 per Mbit
and a standard deviation of 0.05 per Mbit.

As mentioned in Section 5.2, previous work seldom considers the bi-criteria problem
of minimizing deployment cost and O2E delays. To capture all the important com-
ponents, we extend some of the traditional and state-of-the-art work as comparison
schemes.

• Nearest Peer [93, 101]: which is an overlay construction algorithm used in many
state-of-the-art works, whose objective is to minimize the local streaming latency.
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Table 5.4. Baseline parameters used in experiments of COCOS.
Parameter Value
Server number (origin and end) |V | 100
Number of channels |M | 60
Delay upper bound D 800 ms
Streaming rate mean µτ 1.2 Mbps
Streaming rate standard deviation στ 0.2 Mbps
Server price mean µθ 0.1 per Mbit
Server price standard deviation σθ 0.05 per Mbit
Link price mean µϕ 0.1 per Mbit
Link price standard deviation σϕ 0.05 per Mbit
Zipf’s parameter z 0.5
Tradeoff parameter ε 5
Number of substreams k 10

With minor modification, we can easily adapt this algorithm into our network
setting. A server gets its demanding channels from the origin or another end server
so that its peer-to-peer delay is minimized.

• Prim [53]: which is a well-known optimization algorithm for minimum cost de-
livery tree construction. However, it does not consider the delay constraints. To
address this, after the construction of the delivery tree through Prim, if an end
server violates the delay constraint, it gets the stream from another server so that
it can meet the delay constraint with minimum cost.

• Super optimum: which serves as the theoretical performance bound (i.e., no scheme
performs better than super optimum). The super optimum in this chapter is the
optimal solution of the LP formulation from Section 5.4.2.

We evaluate the performance of our proposed algorithm and the comparison schemes
mainly using several delay and cost metrics:

• Deployment cost, which is the sum of server cost and link cost according to (5.11).
This is the deployment cost of the entire live streaming cloud.

• Cost component, which consists of server cost and link cost. We are also interested
in each cost component as they reflect how the optimization works.

• Delay Constraint, which is the maximum O2E delay allowed in this system.
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Figure 5.5. Deployment cost versus approximation ratio tradeoff parameter.

5.5.2 Illustrative Experimental Results

We compare in Figure 5.5 the total deployment cost versus the approximation ratio
tradeoff parameter ε. A smaller ε indicates a smaller cost approximation ratio α but a
greater delay approximation ratio parameter β. With a small ε, although we have a small
α, the delay upper bound for super optimum is tighter and leads to a much greater CSO.
With a larger ε, a great α causes the cost of COCOS to increase although we have a small
CSO. Therefore, both a too small and a too large ε can impede the optimality of COCOS.
The deployment cost of COCOS is closer to the super optimum rather than the upper
bound given by the approximation ratio (i.e., CCC is closer to CSO rather than αCSO),
which shows that it is more likely that COCOS achieves near-optimal performance in
practice.

We compare in Figure 5.6 the total deployment cost versus the O2E delay upper
bound for different numbers of substreams k. As k increases, the deployment cost
approaches CID given by COCOS-ID (i.e., k → ∞). With a humble value of k (say
k = 10), the performance is already very close to CID. This shows that with reasonable
computation time, COCOS can achieve near-optimal performance.
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Figure 5.6. Deployment cost versus delay upper bound given different number of
substreams.
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Figure 5.7. Deployment cost versus delay upper bound given different schemes.
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We compare in Figure 5.7 the total deployment cost versus the O2E delay upper
bound for different schemes. The total cost increases with a tighter delay constraint.
COCOS clearly achieves the lowest deployment cost as the gap between COCOS and
other schemes is usually beyond 100 percent. When the delay constraint is relaxed to
some extent (e.g., > 1000ms), the cost of all the schemes remains steady as the delay
constraint can be easily satisfied with an arbitrary overlay topology. However, in this
case, the deployment cost of COCOS is still significantly lower than the comparison
schemes. The deployment cost of Prim decreases with a loose delay constraint as more
cheap links can be used at the cost of S2S delay. For Nearest Peer, as S2S delay weighs
more in its delay components, its deployment cost is not sensitive to the change of delay
constraint.

We show in Figure 5.8 the components of deployment cost versus the delay upper
bound for COCOS. The server cost remains steady as the delay constraint changes, but
the link cost first decreases with a larger delay constraint and then remains steady after
the delay constraint exceeds a certain extent. This trend of cost components shows that
a higher QoE constraint demands mainly on links with small S2S delay despite the cost.

We compare in Figure 5.9 the deployment cost versus the average link price given
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Figure 5.9. Deployment cost versus average link price given different schemes.

different schemes. The deployment cost for all the schemes increases with the increasing
link price, but the increasing trends of the deployment cost of COCOS and Prim are
not that steep when the price is too high or too low. Such trends show the effect of the
tradeoff between cost and delay. When the link price is higher, the overlay topology tends
to use cheap links. On the other hand, when the link price is low, the price difference
between links is also small. Note that with a higher link price, the gap of deployment
cost between COCOS and other comparison schemes becomes larger, which shows that
COCOS has a stronger capability of finding and using cheap resources. The cost of
Nearest Peer increases sharply as it has a rigid topology construction step and cannot
effectively use cheap resources. On the other hand, Prim has a more flexible topology
construction method and is able to find some cheap resources.

We show in Figure 5.10 the components of deployment cost versus the average link
price for COCOS. The server cost remains nearly unchanged as the link price increases,
but the link cost increases, which contributes most to the increase of the total deployment
cost. As the server number and the number of demanded channels at each server do not
change, the workload to deliver live content remains the same. Therefore, the demand
for server uploading remains almost steady.
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Figure 5.10. Components of deployment cost versus average link price for COCOS.
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Figure 5.11. Deployment cost versus number of servers given different schemes.
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Figure 5.12. Deployment cost versus number of channels given different schemes.

We show in Figure 5.11 the deployment cost versus the number of servers given
different schemes. The deployment costs for COCOS and Prim increase moderately
with the increasing number of servers, but the cost increment of Nearest Peer is sharper
with a larger server number. With more servers and more total demands for channels,
we need more links to cover all the demands and deliver the live contents. The cost of
Nearest Peer increases more sharply compared to the other 2 schemes because it always
tries to deliver content to its nearest peers despite the cost. With more servers, its overlay
topology will be unnecessarily expensive.

We plot in Figure 5.12 the deployment cost versus the number of channels. The
deployment cost increases as the channel number increases for all schemes. The number
of demanded channels for each server increases with the rise of the number of chan-
nels. COCOS enjoys a lower deployment cost because it comprehensively considers the
cost components and delay constraints by balancing between them and constructing
connectivity with low cost through server collaboration. On the other hand, with more
channels, Nearest Peer will blindly deliver channels to its neighbor peers in some sce-
narios. Some unpopular channels cause extra cost and can be delivered more efficiently
with some longer and direct links with fewer hops.
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Figure 5.13. Deployment cost versus average streaming bitrate given different schemes.

We show in Figure 5.13 the deployment cost versus the average streaming bitrate
given different schemes. The deployment cost for all schemes increases with the increas-
ing average streaming rate. Obviously, with a higher streaming rate, more resources are
used in links and servers. With the link price fixed, this increment of streaming rate has
little impact on the topology. Therefore, the deployment cost increases almost linearly
with the streaming bitrate.

We plot in Figure 5.14 the deployment cost versus the average number of demanded
channels per each server given different schemes to validate COCOS under different
levels of traffic. The deployment cost for all schemes increases with the increasing
demanded channel number for each server given different schemes. More demanded
channels on a server will not change too much on the topology but will ask for more
resources to ensure the QoE. Therefore, more deployment cost is required.

We show in Figure 5.15 the deployment cost versus the Zipf’s parameter given
different schemes. The deployment cost for all schemes decreases with the increasing
Zipf’s parameter. With a higher Zipf’s parameter, the number of servers that demand
cold channels is decreased. As the increment of deployment cost for popular channels
is limited (at most all servers demand it), the decreasing of cold channel demand will
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Figure 5.14. Deployment cost versus average number of demanded channels per server
given different schemes.
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Figure 5.15. Deployment cost versus Zipf’s parameter of popularity skewness given
different schemes.
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decrease the total deployment cost.

5.6 Conclusion

Auto-scaling cloud computing can elastically rescale system resources to support
dynamic video traffic. We have studied a novel multi-origin multi-channel auto-scaling
live streaming cloud where each channel stream is pushed in a delivery tree covering
the end servers that demand the channels. We consider a pay-as-you-go cost model
where the deployment cost is charged based on the actual amount of resources used due
to server uploading and data transmission between servers. Our problem is bi-criteria
in nature as we aim to minimize both the O2E delay of the channels and the deployment
cost. Equivalently, we formulate theMCSDCproblem as optimizing the overlay topology
to minimize the deployment cost given certain maximum O2E delay constraints of the
channels.

We present a realistic model capturing major costs and delay components, and show
the NP-hardness of this problem. We reformulate the original MCSDC problem as
an LP problem by relaxing some constraints, propose an efficient and near-optimal
bi-criteria approximation algorithm termed COCOS based on the LP solution, and
prove its worst-case approximation ratio. We have conducted extensive trace-driven
experiments under real-world settings to evaluate COCOS based on real-world video
service data. Our results demonstrate that COCOS achieves much lower deployment
cost while tightly meeting the delay constraints, outperforming other traditional and
state-of-the-art schemes by a wide margin (cutting the cost in general by more than
50%).
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Chapter 6

Conclusion and Future Work

In this thesis, we studied the approximation algorithm to optimize auto-scaling
cloud-based networks for both video-on-demand (VoD) and live streaming services.
We identified and addressed the following critical issues.

For an auto-scaling VoD data center, we formulated the problem as a Multi-objective
Mixed-integer Linear Programming problem and showed that the problem is NP-hard.
We proposed AVARDO, a novel and efficient algorithm for a very large video pool. The
optimality gap is less than 1% under practical settings. The approximation solution
can further approach the theoretical optimum as we reduce the block file size in the
optimization.

For an auto-scaling geo-distributed VoD cloud, we first formulated the joint optimiza-
tion problem. Our model captured the important system parameters. After proving
the problem NP-hard, we proposed RAVO, a novel algorithm to jointly allocate sys-
tem resources and manage videos to achieve low deployment cost. For a large video
pool, we further presented a video clustering algorithm that achieved close-to-optimal
performance with a substantial (polynomial) reduction in running time.

For an auto-scaling live streaming cloud, we presented a realistic model capturing
major costs and delay components and showed the NP-hardness of this problem. We
reformulated the original MCSDC problem as an LP problem by relaxing some con-
straints, proposed an efficient and near-optimal bi-criteria approximation algorithm
termed COCOS based on LP solution, and proved its worst-case approximation ratio.

In general, our approximation algorithms follow a 3-step approach. First, our model
comprehensively and realistically captures the major cost and QoE (delay) components.
Then, we solve the relaxed LP problem and obtain the super optimal solution, which
may not be implementable but has a good tradeoff between cost and delay. Finally,
our approximation scheme constructs an implementable solution that is close to the
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Table 6.1. Comparison of the approximation algorithm in this thesis.
AVARDO RAVO COCOS

Service type VoD VoD Live streaming
Problem scope Local (data center) Global (cloud) Global (cloud)
Objectives Minimize active server

number
Minimize cost subject
to delay

Minimize both cost &
delay

Resources com-
ponents

Storage & processing Storage, processing, &
link

Processing & link

NP-hard Yes Yes Yes
Approximation
techniques

Clustering Randomized rounding
of LP & clustering

Rounding of LP

Approximation
ratio

1 + ν2σ 1 + 1/e α for cost & β for delay
where 1/α+ 1/β = 1

Complexity Polynomial Polynomial Polynomial
Experimental
data set

Real-world & synthetic Real-world & synthetic Real-world & synthetic

super optimal solution. This 3-step approach can be widely used for combinatorial
optimization problems as long as the original problem can be formulated as a Mixed-
Integer Linear Programming problem. The challenging part is to analyze and prove the
approximation ratio, which has to be conducted in a case-by-case manner.

It should be noted that, to accurately reflect the performance of our approximation
algorithms when deployed in commercial networks, we must ensure that our models
comprehensively capture all the major components of the real network environment and
system parameters. In our model, as we construct the approximation solutions based
on linear programming results, it will accurately reflect the reality for any delay and
cost functions that can be approximated by piecewise linear functions. However, a basic
setting in our work is that content providers allocate resources from cloud providers.
In reality, many video service providers play different roles as they own many data
centers, which are sunk costs to them rather than optimization objectives. In such cases,
our work may not be necessary as their optimization problems can be solved in a much
simpler way. Conversely, our algorithms are suitable for content providers that solely
rely on cloud services to deliver their videos.

Finally, we present Table 6.1 to compare these 3 approximation algorithms.

We suggest some future research directions. Auto-scaling clouds provide great
opportunities to timely accommodate the volatility of emerging video-related services,
including:

• Video data analytics: To extract useful information, massive video contents are
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uploaded from CCTV monitoring cameras and smartphones to the cloud for
artificial intelligence (AI) applications to analyze [32]. As modern big AI models
require a huge amount of storage capacity, network bandwidth, and processing
power, designing an auto-scaling cloud to efficiently support the services requires
careful consideration of where to upload the video and where to process the
tasks [139, 15].

• Video streaming for emerging applications: Augmented reality (AR) and virtual
reality (VR) offer the live view of the combination of the real-world environment
and computer-generated perceptual (video) information. As these services are
interactive and location-based in nature, they require not only low-latency video
delivery but also realtime processing of the uplink data from the users [160, 37].
Besides video storage and delivery, new optimization algorithms for AR and VR
have to determine when and where to render the contents based on the constraints
of network conditions, available processing power, and energy supply.

• Sustainable video services: Video networks are energy-consuming and are ex-
pected to consume more energy in the future with the development of emerging
video-related services. Therefore, we have to consider green benchmarks such as
carbon emissions in the optimization. Besides the volatility of user demand, the
auto-scaling service needs to accommodate the volatile nature of energy generated
by renewable resources such as solar and wind.

As all these services have substantial and volatile demands on the cloud-side re-
sources, auto-scaling has the potential to meet such needs in a timely manner. Addi-
tionally, supporting these services requires interaction between auto-scaling clouds and
pervasive edge devices, which brings enormous complexity to the problem and makes
relevant optimization more challenging.
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