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Abstract 

A Content Distribution Network, or CDN, is a system to improve the delivery of content to the end 

users (or clients) in the Internet, in which popular content may be cached or replicated at a number 

of servers, placed closer to some of the client populations. The design of a CDN consists of 

defining: (a) which content should be replicated at each server (server content), (b) the number of 

servers and where they should be placed in the network (server placement), (c) which server a 

client's requests should be sent to (server selection) and (d) how the server responses should be 

routed to the clients (routing). CDNs were originally designed for traditional web files (i.e., HTML, 

image files). However, given the increase in streaming media (i.e., video and audio) content in the 

Internet, the development of efficient CDN design methods that take into account the special 

characteristics of media objects is of great interest. These characteristics include the sustained high 

bandwidth requirements and the new and complex tradeoffs introduced by multicast delivery. 

The main goal of this thesis is to develop methods for designing streaming media CDNs with 

(near) minimum delivery cost, where the delivery cost includes both the server and the network 

bandwidth costs. We propose and evaluate a new simple minimum cost caching algorithm for 

conventional CDNs that use unicast delivery. We also develop cost models to determine the 

optimal server content, server placement and routing for scalable CDNs that use multicast delivery, 

and new approximate algorithms for determining the near optimal server placement and routing for 

scalable CDNs. In order to develop the cost models and to evaluate our solutions, a reasonably 

small set of system and workload parameters that have primary impact on a CDN delivery cost are 
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identified. These parameters are varied over a wide range of values in order to cover as much of 

CDN design space as it is practically feasible. This thesis also provides an extensive analysis of the 

workloads of two educational media servers to provide data for creating realistic synthetic 

workloads and to gain insights into efficient CDN design strategies. 
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Chapter  1  

Introduction 

A content distribution network is a system that places replicates of popular content in a number of 

servers at various access points in the network with the goal of improving the performance and/or 

cost of distributing the content to the end users. Content distribution networks were first proposed 

for delivery of traditional web documents, i.e., HTML files or images, in the Internet. However, 

streaming media files (e.g., audio and video), which are typically much larger objects that need to 

be transmitted (or streamed) to the clients over a significant period of time, are steadily becoming 

an increasing fraction of the content transmitted in the Internet. Thus, the design of efficient 

distribution systems for streaming media content, which should take into account the specific 

characteristics of these objects, is of great interest. The main goal of this thesis is to explore this 

largely unexplored research topic and develop methods for designing (near) minimum cost content 

distribution networks for streaming media. 

The remainder of this chapter is organized as follows. Section 1.1 defines the key problems 

associated with designing content distribution networks (or CDNs). The special characteristics of 

streaming media content, which set it apart from traditional web content and thus motivate the 

development of new design methods, are discussed in section 1.2. Previous approaches to 

addressing design aspects of distribution systems are summarized in section 1.3. The goals and the 
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main contributions of this thesis are described in sections 1.4 and 1.5, respectively. The 

organization of the remainder of the thesis is given in section 1.6.  

1.1  Content Distr ibution Networks 

Due to the explosive growth of web traffic in the Internet, the efficient distribution of stored 

content has become a major concern among researchers and in industry. During the 1990s, the 

focus was on the design and implementation of caching strategies for traditional web content. 

Considered one of the main techniques to reduce network traffic as well as the latency perceived by 

the clients, proxy caching, where popular content available at an origin server is independently 

stored at proxy servers (also called local servers since they are located closer to the clients) has 

been a very active research area. The key challenge behind the design of caching strategies is how 

to efficiently determine which content should be replicated at the proxies in order to achieve a 

predefined goal such as to reduce client latency or the traffic in the Internet backbone. 

Recently, the Internet has witnessed the emergence of a number of content distribution 

companies, such as Akamai [7] and Volera [146], which work directly with the content providers in 

order to improve the delivery service and ultimately the revenue accrued by the company. The 

organization and terminology associated with a CDN is illustrated in Figure 1. The CDN consists 

of an origin server, or simply the origin, and a number of proxy servers. Popular content may be 

(partially) replicated at the proxy servers, which are located closer to some of the client 

populations. A proxy server may serve a single university campus, a metropolitan area or a wider 

region involving several states or countries. We use the term “ local”  network to represent the 

network where a proxy server and its clients are located. We point out that a “ local”  network may 

span a large region depending on the dispersion of the clients that are served by the proxy server. 

Similarly, the term “ remote” network is used to represent the network that connects the “ local”  
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networks where proxy servers and clients are located to the origin server (e.g., the Internet 

backbone).  

In hierarchical CDN architectures, which are the focus of this thesis, the client sends a request 

to one of the proxy servers (typically the closest one). If the requested content is not (fully) stored 

at the proxy, the proxy server forwards the request to the origin server. The origin server either 

returns the content directly to the client [57, 58], or, more commonly, sends it to the proxy, which 

then forwards it to the client. A hierarchical CDN may include multiple levels of proxy servers 

where requests that miss at a lower level proxy are forwarded to a proxy server at a higher level in 

the hierarchy. The origin server is contacted only if the requested content is not found in any of the 

proxies. This thesis focuses on a single level hierarchy as shown in Figure 1, which is the most 

common CDN model. However, we point out that the methods obtained can be extended to CDNs 

with multiple levels of hierarchy by considering that each proxy at level i is a potential client of a 

proxy at level i +1 of the hierarchy. A different type of CDN architecture, not addressed in this 

thesis, is a peer to peer architecture where, when a server receives a request that it cannot (fully) 

Origin Server 

   Proxy Server 

nts 
Proxy Server 

  Internet  

    

 

“Remote” Network  

 
 

Clients 
Clients 

Figure 1: Example of a Content Distr ibution Network 

“Local”  Network  “Local”  Network  
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handle, it searches for another server (any other server) to handle the portion of the request that 

missed locally.   

 Key questions behind a CDN design are: a) which content should be replicated or cached at 

the proxy servers, b) how many replicas and where each replica server should be placed in the 

network, c) which server a client’s requests should be sent to and d) how to route the content from 

the selected server to the client. Thus, designing a CDN involves the development not only of 

methods for determining server content (or caching algorithms), but also of methods for 

determining the placement of servers in the network, server selection and routing. Furthermore, 

another design problem is to determine the times at which the CDN configuration (e.g., server 

content and routing) is updated in response to changes in the workload, particularly, in the client 

request rates. Thus, the design of a CDN should be driven by an understanding of key 

characteristics of the workload, such as client request rates, object popularity and how these 

characteristics change over time. These questions are addressed with a predefined performance or 

cost goal. The goal in this thesis is to design CDNs that minimize the total cost of delivering the 

content for a given client load, which is related to the price, ultimately paid by the content provider, 

to have its content delivered to their clients. 

1.2 The Special Character istics of Streaming Media Content 

Motivated by the increasing availability of media content in the Internet, improvements of network 

bandwidth in the Internet backbone and the availability of faster “ last mile”  connections, such as 

cable modems and DSL (Digital Subscriber Lines) services, users are becoming increasingly 

interested in watching movies, listening to radio or music or viewing lectures over the Internet. 

Consequently, streaming media content (i.e., audio and video) is becoming a significant fraction of 

the total traffic in the Internet [2, 152].  
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Streaming media objects and workloads have special characteristics, which distinguish them 

from traditional web content (i.e., small HTML and image files). These characteristics are: (1) 

large size, (2) requirement of sustained disk and network bandwidth, (3) possibly unequal access to 

different portions of the files and (4) several new tradeoffs introduced by the shared delivery of 

objects if multicast delivery is used. The implications of these characteristics on the design of 

efficient CDNs for streaming media objects are described below.  

1.2.1 Media File Size and Bandwidth Requirements  

A media file may require tens of megabytes to several gigabytes of storage depending on its quality 

and duration. This implies that most of the cached content must be stored on disk. Furthermore, 

storing a new media file on the disk requires a significant amount of disk bandwidth, sustained, 

typically, over a long period. Hence, not only the disk space, but also disk bandwidth and i/o 

network bandwidth must be carefully managed when designing a streaming CDN. In particular, it 

may be important to avoid allocating disk bandwidth to store a requested object in the cache if that 

object will not be requested again soon. This is particularly true because that bandwidth could 

otherwise be used to serve client requests for other objects already stored in the cache. Depending 

on the workload, this may be an important factor to consider in the design of caching strategies for 

streaming content. In particular, it motivates the development of new algorithms that do not cache 

objects without prior knowledge of its client access rates. This implies a significant deviation from 

traditional web caching algorithms where space is the only resource that is managed and that, 

typically, write a new object into the cache every time a request misses in the cache.  
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1.2.2 Partial File Accesses 

Unlike traditional web clients, streaming media clients may only be interested in receiving a 

portion of a file, as they browse through content or request portions of the videos that especially 

interest them. Furthermore, clients with different bandwidth connections to the network (e.g. 

56Kbps modem or a 1.5Mbps T1 line) require different quality levels for the streams delivered by 

the same server. Hierarchical or layered encoding [145] is a technique where each stream is 

encoded into a base layer that contains the basic information and higher layers that provide 

increasingly enhanced quality information. Clients with different bandwidth connections can 

request a different number of layers of a given file. Partial file caching of media objects may also 

be desirable for performance reasons. By caching only the initial frames of a file (prefix caching), a 

proxy cache can hide latency and loss effects of the link between proxy and origin server [105, 128, 

148]. Thus, unlike web CDNs, a streaming CDN design should consider partial file delivery and 

storage (i.e., file segments or layers).  

1.2.3 Tradeoffs for Multicast Delivery 

The delivery cost associated with a media object is the cost (in dollars), ultimately paid by the 

content provider, to have the object delivered, through the network, from the server(s) to the 

clients. The exact charging schemes for object transmission in the Internet are not well defined, i.e., 

it is not clear whether the transmission of an object should be charged based on the number of 

routers or on the number of Autonomous Systems (ASes), which are groups of routers under the 

same administrative domain, crossed. In either case, the total delivery cost is related to the 

sustained (server and network) bandwidth required for the transmission. More specifically, the 

delivery cost for a media object includes the costs of server and network bandwidth required for 
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transmitting the object to the client. The costs of other system resources, such as processors, disks, 

network interface cards, are included in the server bandwidth cost since additional resources are 

needed as the required server bandwidth increases.  

For unicast, which is the more common delivery mechanism currently used in the Internet, 

each client request is served by allocating a new, independent stream and  is, thus, charged with the 

cost of one stream of bandwidth. Thus, for unicast CDNs, total delivery cost is minimized if the 

number of bytes that are delivered from the client’s closest proxy server (i.e., the proxy byte hit 

ratio) is maximized. In that case, whereas the total server delivery cost is the same, total network 

delivery cost is minimum. This is true for unicast delivery of media and of traditional web content.   

 The high bandwidth requirements of streaming media content motivate the use of scalable 

multicast (or broadcast) delivery, in which, the data follows a delivery tree from a source to all 

members of a multicast group and packets are replicated only at necessary branches in the tree. For 

popular objects, significant savings in both server and network bandwidth and, thus, in the per-

client and total delivery cost can be achieved if multiple clients share the same multicast stream. 

Several new scalable streaming protocols that use multicast have been proposed recently [33, 59, 

60, 82, 83, 129], motivating the development of efficient scalable CDNs (i.e., CDNs that use 

multicast) for streaming media.  

However, the shared delivery of popular objects introduces several complex new tradeoffs. 

These tradeoffs are key factors to be considered in the design of efficient scalable distribution 

networks but are not well understood.  First, even if each client requests the entire file, earlier 

portions of a popular file are multicast more frequently and are shared, on average, by a smaller 

number of clients than later portions. Hence, caching prefix of files, instead of fewer full files, 

might be more cost-effective. Thus, the possibility of storing prefixes (possibly of arbitrary length) 
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also needs to be considered in a minimum cost CDN design. Second, there is a key tradeoff 

between storing the most frequently accessed objects closer to the clients, or storing less frequently 

accessed objects that have lower cost sharing. As an example, consider a CDN with two proxy 

servers (proxy 1 and proxy 2) located close to two client populations and assume each server uses a 

scalable multicast streaming protocol called Bandwidth Skimming [60, 61], which has server 

bandwidth requirement that is proportional to the logarithm of the client request rate for the full 

object. Let N1 and N2 be measures of the request rate for a given popular object from the two client 

populations. If each client requests the full object from its local proxy server, proxy 1 needs ln(N1 + 

1) units of concurrent bandwidth to serve its client population and proxy 2 needs ln(N2 + 1) units of 

concurrent bandwidth to serve its client population. However, if the object is not cached at the 

proxies, the origin server needs only ln(N1 + N2 +1) < ln(N1 + 1) + ln(N2 + 1) units of bandwidth. If 

N1 and N2 are large, total server cost is significantly reduced if the popular object is not cached at 

the proxies. The savings in server bandwidth costs may outweigh the cost of the remote network 

bandwidth needed if the content is not stored close to the clients. Thus, unlike for unicast CDNs, 

maximizing proxy byte hit ratio does not necessarily minimize delivery cost in scalable CDNs.  

Furthermore, the optimal content for a given proxy server is interdependent with whether 

other proxies store that content. In addition to this fact, although the total network cost decreases as 

the number of proxy servers increase, unlike for unicast CDNs where total server cost is 

independent of the number of servers, total server cost for scalable CDNs increases with the 

number of servers. This is because the total number of streams delivered by the servers increases, 

as illustrated in the example above. Thus, unlike for unicast CDNs, the cost-effectiveness of adding 

servers, or in other words, the cost-effectiveness of storing content at proxy servers in a scalable 

CDN is not clear and depends on the relative cost of network and server bandwidth. Therefore, 
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minimizing delivery cost for scalable CDNs requires knowledge of the relative quantitative cost of 

a unit of server bandwidth versus the cost of a unit of network bandwidth. 

The multicast tradeoffs also need to be considered for server placement, server selection and 

routing in scalable streaming CDNs. As an example, for unicast delivery, network bandwidth costs 

are minimized if clients contact the closest server and the content is routed using the shortest path. 

However, for scalable delivery, it might be more cost-effective to route content from a server to a 

given new client using a longer path than the shortest path if that (longer) path is (partially) shared 

among a larger number of clients. This is because the incremental network bandwidth cost due to 

the delivery of content to the new client over the longer path may be lower than the incremental 

cost of delivering it over the shortest path. Consequently, the total network bandwidth cost for 

delivering the content to all clients may be lower if the longer path is used.   

Given these new tradeoffs, the design of scalable CDNs is considerably more complex than 

the design of conventional unicast CDNs. In addition to system and workload parameters, it must 

also include the server and network costs of local and origin streams, which depend on the server 

and the network bandwidth that a given configuration implies.   

The design of efficient CDNs that handle the increasing traffic of streaming media files is still 

a challenging open research problem. Previously proposed algorithms for traditional web content 

do not take into account the special requirements of these files and, thus, may be suboptimal. 

Furthermore, the design of an efficient CDN must be driven by a good understanding of the 

parameters and characteristics of the workload. This thesis explores new CDN design models and 

heuristics that address the unique characteristics of streaming media and evaluates the performance 

of the new design techniques over a large design space.  
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1.3 Previous Approaches  

The following sections summarize the most relevant previous work related to this thesis. 

1.3.1 Server Content  

Defining which content to replicate or store at a number of servers has been addressed in the 

context of proxy caching in a number of previous works. For traditional web caching, previous 

algorithms attempt to maximize proxy byte hit ratio which will minimize delivery cost for the 

given proxy server clients. These policies store a new object into the cache at every cache miss, 

possibly replacing one or more files already in the cache to free space. The objects that are selected 

for eviction are those that have lower priority in terms of recency or frequency of previous accesses 

[130] or a cost measure that is a function of both the access recency and/or frequency and the file 

size [1, 16, 35, 86, 98, 149, 153]. These policies frequently change the cache content, which 

implies a high disk write overhead if used for media objects. In particular, a file that is requested 

very infrequently is written to the disk every time it is requested. Furthermore, for CDNs that use 

multicast delivery, maximizing byte hit ratio alone is not sufficient for minimizing delivery cost, as 

discussed in the previous section. 

The Resource Based Caching (RBC) algorithm for unicast streaming media files [137, 138], 

the best unicast caching algorithm previously known, has two key features. First, on each cache 

miss, the policy evaluates whether to cache the requested content or not. The decision is based on 

comparing a cost measure, which is a function of access frequency and size, assigned to the new 

content, against the same measure for each object currently in the cache and on the current 

utilizations of disk space and disk bandwidth. The goal of the policy is to keep disk space 

utilization and disk bandwidth utilization approximately equal. Second, RBC caches a mixture of 
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full files and intervals. An interval [51] exploits temporal locality in two sequential media requests 

that occur close in time to store data that is guaranteed to be needed soon in the future at the 

expense of high bandwidth requirements. One possible drawback of RBC is that it does not allow 

unused bandwidth allocated to a cached full file to be used to serve a request to a different file. In 

[138], the authors conclude RBC outperforms the simpler Least Frequently Used (LFU) [130] 

caching policy, which caches only full files and evicts from the cache the least frequently used file 

whenever space is needed to store new content. However, due to a restricted design space 

considered and to incongruous results, their study is not conclusive. Thus, a more complete 

analysis of this policy is necessary. In particular, extending the algorithm to incorporate the cost 

tradeoffs of scalable multicast delivery is also an open question. Furthermore, given the high 

bandwidth requirements, whether disk-based interval caching is an effective technique is still an 

important question that remains unanswered. 

The first attempt to address the complex tradeoffs introduced by multicast delivery was in [57, 

58]. The authors propose extensions to the scalable dynamic skyscraper streaming protocol [59] to 

enable file prefixes to be cached at proxy servers and analytical cost models that are solved to 

determine the cache content that minimizes delivery cost, which includes both remote and local 

bandwidth costs, assuming the streams are delivered using the dynamic skyscraper protocol. The 

models are solved for a set of average file request rates from each proxy client population, 

assuming bounds on cache space and disk bandwidth and a simple parameter that is the ratio of the 

average cost of a proxy multicast stream to the average cost of an origin multicast stream. The 

authors find that the proxy content that minimizes delivery cost includes prefixes in the order of 

15% of the full length of the media stream for files with a range of request rates. However, the 

delivery protocol used allows only a very strict partitioning of the data where either a fixed length 
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prefix or the full file might be cached at the proxies. Open questions include: (a) how to extend 

more efficient and flexible protocols (e.g., Bandwidth Skimming [60, 61]) to enable proxy prefix 

caching, (b) how to modify the cost models to determine the optimal cache content for these 

protocols, (c) how to incorporate more precise network delivery costs into the model, (d) the 

optimal solution for server placement, server selection and routing and (e) rules of thumb or 

effective approximate algorithms for server placement and (proxy) server content for a wide range 

of CDN configurations and workloads.  

 A series of more recent studies [76, 118, 143, 144, 147], parallel to this thesis, use similar 

optimization cost models, modified for other protocols such as the less efficient scalable Patching 

protocol [33, 82, 129] and unicast delivery from the origin to the proxy servers. Three of these 

parallel studies [76, 144, 147] assume bounded proxy storage space and unbounded proxy disk 

bandwidth. The two other studies [118, 143] assume the proxy servers only store file prefixes 

(rather than full files). The results in chapters 6 and 7 of this thesis, which address scalable CDN 

design strategies for more efficient protocols, more general and realistic system assumptions and a 

wider range of workloads, will be compared against the results from these parallel studies. 

1.3.2 Server Placement, Server Selection and Routing 

Server placement, selection and routing are CDN design aspects that have been previously 

addressed mainly for unicast delivery of web content. Defining the optimal number and placement 

of servers in a network has been shown to be a NP Complete problem for general topologies [70]. 

Hence, previous works in this area proposed either optimal solutions for very specific topologies, 

such as trees [93, 96] or approximate algorithms for more general topologies [85, 115, 116]. In 

either case, the algorithms are applied to unicast delivery and do not attempt to optimize number 

and placement of servers for multicast delivery.  
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Similarly, server selection and routing has been explored mainly for unicast delivery. Previous 

strategies select the closest server or use the shortest path, where the path distance is based either 

on static measures, such as (weighted) hop count [49, 63], or on dynamically collected measures of 

path delays [13, 14, 36, 71, 110]. To the best of our knowledge, server selection and routing 

strategies that specifically account for multicast delivery have only been partially addressed very 

recently, in two parallel studies [67, 155]. These studies propose heuristics for routing assuming (a) 

a single live multicast stream [67] or (b) a single server with fixed placement and on-demand 

delivery using bandwidth skimming streaming protocol [155]. We point out that for live multicast 

streaming, where the per-hop network bandwidth is independent of the number of clients receiving 

the stream, the optimal routing is known a priori, and consists of using the delivery tree with fewest 

links. However, the optimal routing for on-demand delivery of stored content, using the efficient 

bandwidth skimming protocol [60, 61] is not known, as the per-hop network bandwidth for this 

protocol depends on the number of clients receiving the stream through that hop. Thus, routing 

strategies for on-demand multicast delivery of stored content, using bandwidth skimming, 

assuming multiple servers are still an open research area. 

1.3.3 Workload Analysis 

The characteristics of web workloads have been extensively analyzed in the past [17, 18, 20, 22, 

25, 35, 48]. Workloads containing mainly streaming media objects have been only partially 

analyzed in a number of recent works, some of which are parallel to this thesis [4, 42, 44, 78, 79, 

103, 104, 109, 142]. These media workload analyses focus only on a few statistical workload 

characteristics (e.g., request arrival rates and file access frequencies or only session characteristics 

such as number and type of interactive requests, etc). A more complete understanding of media 

workloads is necessary in order to develop efficient design methods and heuristics for streaming 
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CDNs as well as to drive the development and improvement of several streaming applications (e.g. 

distance education servers, multi-conferencing software, etc). 

1.4 Goals of this Thesis 

The main goal of this thesis is to address the open problems in designing streaming media CDNs, 

i.e., determine the server content, placement and routing that have minimum total or per-proxy 

delivery cost, where the delivery cost includes both server and network costs. Efficient 

approximate algorithms that approximately minimize total delivery cost are also of interest.   

CDN design methods for server placement, content and routing rely on system configuration 

and workload parameters that accurately capture the most relevant system characteristics and 

impact CDN delivery cost. Thus, two important related goals of this thesis are: (a) to define a set of 

system parameters that can be used in designing minimum delivery cost CDNs and (b) to analyze 

actual streaming media workloads more completely than previous work. The workload analysis 

goals include providing a characterization that could be used to generate a synthetic workload and 

gain insights into the design of efficient CDNs.  

For unicast streaming CDNs, previous methods can be used to determine server placement and 

stream routing. Furthermore, storing the currently most frequently requested files (or file segments) 

at each proxy results in maximum byte hit ratio and thus, minimizes delivery cost.  The key open 

problems to be studied are: (a) whether a simple algorithm that stores the objects (files or file 

segments) with highest measured access frequency will achieve near optimal delivery cost or 

whether the delivery cost can be further significantly reduced if the proxy also stores short intervals 

of data for the currently active requests and (b) evaluate how delivery cost for a policy that stores 

the most frequently requested content compares with the best previous caching policy, RBC.   
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Methods for designing scalable streaming CDNs have only been partially addressed before. 

Formal models have been proposed to determine the optimal proxy cache content for the dynamic 

skyscraper protocol [57, 58]. Furthermore, heuristics have been recently proposed for routing of a 

single live multicast stream [67] and for routing from a single previously placed server to a group 

of clients [155]. Important open questions that remain to be addressed and are, thus, key goals of 

this thesis include: (a) extend the more efficient and flexible Bandwidth Skimming streaming 

protocol to enable proxy caching of file prefixes, (b) create formal models to determine the optimal 

proxy server content for the new protocols, (c) create CDN design models that consider more 

precise network delivery costs to compute the optimal server placement, server selection and 

routing and (d) develop new efficient heuristic algorithms for placement and routing and evaluate 

them using realistic Internet topologies and the optimal solutions as benchmark. 

We point out that the focus of this thesis is on developing methods for designing a minimum 

cost CDN for given system and workload parameter values. The CDN solutions obtained with our 

methods should be recomputed periodically to reflect changes in the system or workload (e.g, 

client request rates, file access frequency). This is true for the design of other CDNs as well, in 

particular for the design of traditional web CDNs. The frequency at which the CDN should be 

updated as the system configuration or the workload changes is not addressed in this thesis, 

although our analysis of the two media server workloads provides some useful initial insights 

regarding this issue. Similarly, methods for measuring and detecting changes in the workload are 

also not addressed in this thesis. These topics are left for future work. 

1.5 Main Contr ibutions 

The main contributions of this thesis are: 
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1. We identify a reasonably small set of system and workload parameters that can be varied in 

order to explore a large region of the CDN design space. Unlike previous work, which uses 

absolute parameters, we make use of normalized parameters, which capture characteristics of 

the system and workload that independently influence optimal CDN design. Consequently, we 

are able to evaluate our proposed CDN design methods over a significantly larger design space 

than previous work.  

2. We perform a much more complete analysis of the workload of two educational streaming 

media servers than previous and parallel studies. New aspects of the workload characterization 

that provide useful insights for CDN design include: a) request and session rate as a function of 

time, b) distribution of request and session inter-arrival times during periods of stable arrival 

rate, c) insights into how relative file popularity changes from one day to another and from one 

hour to the next, d) distribution of file access frequency during each day, e) distribution of file 

segment access frequency as a function of file popularity and f) expected fraction of all cache 

misses that are to infrequently accessed files.  

3. We find that a significant fraction of the new content accessed each hour is not accessed again 

for one, two or even eight hours in the future, which implies that storing content with no prior 

knowledge of its access rate may result in significant wasted disk bandwidth. Furthermore, for 

moderately to highly popular files, the frequency of accesses to each ten-second file segment is 

approximately uniform, despite a large fraction of requests to very small file segments (high 

client interactivity). For the least popular files, the frequency of accesses is skewed towards 

earlier segments. This implies that it may not be necessary to measure access frequency for 

each file segment to decide which segment to cache. In fact, one can measure the frequency to 

only a few segments and then fit a curve to estimate the skew of the distribution, if there is one. 
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Furthermore, for unicast CDNs, full file caching of the most popular files might be the best 

strategy. We also find that, despite the high client interactivity, up to 30% of server bandwidth 

can be saved if multicast delivery at is used at one of the servers. 

4. Our evaluation of alternative caching algorithms for unicast streaming CDNs shows that, in 

practical terms, the new and much simpler Currently Most Popular policy caching, which 

stores at the proxy only the files with the highest measured request rates, outperforms the RBC 

policy. To further analyze interval caching, we propose and evaluate two new caching 

algorithms for unicast CDNs: Pooled RBC and CMP/IC. Pooled RBC is based on a key 

improvement to RBC, which is the sharing of allocated proxy server bandwidth among 

multiple cached files. CMP/IC is a hybrid policy that uses the simple CMP policy plus a 

reserved portion of memory or disk storage for caching intervals. Comparing CMP, CMP/IC 

and Pooled RBC, we find that the simplest policy, CMP, delivers very competitive 

performance, compared with the more complex Pooled RBC, and CMP/IC. Thus, the benefit of 

interval caching for unicast streaming is at best modest. Furthermore, since the expected 

performance benefit of interval caching is even more limited for scalable streaming systems, 

interval caching need not be considered in scalable CDN design.    

5. We propose three new modifications to the scalable multicast bandwidth skimming protocols 

that enable prefix caching at proxy servers. For each modification, we develop a new 

optimization model for deriving the minimum cost CDN design. The optimization models are 

applied to gain insights into the cost-effectiveness of storing content at proxy servers and into 

the optimal proxy server content for a large region of the CDN design space. These evaluations 

include an assessment of the effectiveness of alternative protocol optimizations, including: (a) 

batching (where client requests are grouped and served with a single stream) versus non-
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batching of client requests for suffix streams from the origin server, (b) multicast versus 

unicast delivery from the origin server and (c) the impact of the available client bandwidth on 

the optimized CDN delivery cost. 

6. We determine that storing content at proxy servers that use multicast streaming is cost-

effective only if: (a) the origin server uses unicast, or (b) the file request rate is very low, in 

which case multicast is not very effective or (c) the ratio of the average cost of a proxy stream 

to the average cost of an origin stream is roughly 1/P, where P is the number of proxy and the 

cost of either stream includes both the server and network bandwidth costs. 

7. For scalable CDNs, the optimal proxy content, over a large region of the design space, consists 

of full files rather than file prefixes. We show these results are consistent with previous and 

parallel observations. Furthermore, in this case, the simple bandwidth skimming protocol 

(without batching) performed at proxy and origin servers is the optimal delivery protocol. For a 

limited region of the design space, defined by small per-file request rate, large number of 

proxies and origin multicast streaming, prefix caching and batching of clients for origin 

streams significantly reduce delivery cost. 

8. We develop a new optimization cost model to determine the number and placement of servers 

and set of delivery trees from the servers that minimize the total cost of delivering an object to 

a given set of client sites. We apply this model to show that, for practical and realistic Internet 

examples, using the placement and routing that are optimized for unicast delivery to scalable 

multicast CDNs can result in significant increase in the delivery cost compared to the optimal.  

9. Using simple canonical topologies we show that, unlike for unicast CDNs, simple rules of 

thumb such as placement of servers near the client sites that have highest demand [115] or at 

the most connected nodes [85], do not perform well for scalable delivery. We also show that 



 

 

19

the maximum cost increase associated with the use of shortest path routing, the basis for 

routing in today’s Internet, for scalable delivery, though bounded, can be significant. 

10. Based on insights drawn from the analysis of simple canonical topologies, we develop six 

approximate heuristic algorithms for server placement and routing, which require significantly 

less execution time than the optimization models, and thus can be applied to large problems.  

Our best approximate algorithm is reasonably accurate, yielding systems with delivery cost 

within 16% of optimality for a number of Internet examples tested. 

1.6 Organization of this Thesis 

The organization of the remainder of this thesis is as follows. Chapter 2 summarizes previously 

proposed strategies for caching, server placement, selection and routing, main findings from 

previous web and streaming media workload characterizations and a brief description of multicast 

streaming protocols, for a better understanding of the CDN design models developed in this thesis. 

Chapter 3 describes the main system design considerations including a description of the delivery 

cost functions developed for scalable CDNs, the overall evaluation methodology used and the main 

system and workload assumptions and parameters.  

Chapter 4 presents the results of the analysis of the two media server workloads. The 

performance of the previously proposed RBC caching algorithm is reevaluated in chapter 5. This 

chapter also includes the description and evaluation of the three new policies, Pooled RBC, CMP 

and CMP/IC as well as a discussion on the effectiveness of interval caching. Optimal server 

content for scalable CDNs is the focus of chapter 6, which defines the three new CDN protocols 

and corresponding cost models and provides results on the optimal delivery protocol and proxy 
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server content for scalable CDNs. It also identifies the region of the design space where it is cost-

effective to store content at proxies that use multicast. 

Server placement, selection and routing for scalable CDNs are discussed in chapter 7. This 

chapter describes our methodology for creating realistic Internet topologies for a set of client sites, 

the new CDN design model and the optimal solutions for a number of example systems. It also 

introduces and evaluates the approximate algorithms, which are based on insights drawn from the 

analysis of simple canonical topologies. Chapter 8 summarizes the dissertation and provides 

possible directions for future work. 
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Chapter  2  

Related Work 

There is a vast literature on traditional web CDNs. However, previously proposed strategies for 

designing web CDNs are not necessarily efficient for CDNs for streaming media, because they do 

not account for the unique characteristics of these objects, which were discussed in the previous 

chapter. More recently, in response to the increasing traffic of streaming media in the Internet, 

there have been several new proposals for strategies that specifically target the distribution of 

streaming media objects in the Internet. 

Sections 2.1 − 2.3 summarize the main previous contributions for server content, server 

placement, server selection and routing for unicast streaming CDNs, scalable multicast streaming 

CDNs and traditional web CDNs. Section 2.4 reviews the previous web and streaming media 

workload characterizations. As background for a better understanding of the CDN design models 

developed in this thesis, section 2.5 summarizes previously proposed scalable multicast streaming 

delivery protocols. 

2.1 Server  Content 

A large number of previously proposed caching strategies for both web and streaming CDNs are 

designed to react as each new client request arrives, i.e., the policy evaluates whether to cache new 
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content at the proxy servers every time a new request arrives. We call these caching policies 

request driven. More recently, there have been a few proposals for rate driven caching strategies. 

These strategies determine the server content for a given system configuration, defined by the 

available resources and current client request rates for each object, with the goal of minimizing a 

given cost function, which is usually a combination of network and server bandwidth costs and, 

possibly, storage costs. Rate driven policies are a relatively new idea, further explored in this 

thesis. Relevant previously proposed request driven and rate driven caching strategies are 

summarized in sections 2.1.1 and 2.1.2, respectively.   

Apart from the vast literature on caching strategies, cooperative caching, another technique to 

reduce bandwidth consumption and client latency, by allowing neighboring proxies to cooperate 

and serve each other misses (i.e., requests for content that is not stored locally) has also been the 

attention of several researchers. Section 2.1.3 summarizes the previous main contributions in this 

area. Finally, section 2.1.4 summarizes a few other considerations related to caching of streaming 

objects, such as smoothing of Variable Bit Rate (VBR) streams and caching from tertiary memory. 

2.1.1 Request Driven Caching Strategies  

Request driven caching strategies define the content that should be stored at the (proxy) servers 

dynamically, as requests for new content arrive. In particular, at every arrival of a request to an 

uncached object, the policy decides whether to cache the object, possibly removing content from 

the cache to free space. Some of these policies have the additional characteristic of caching the 

object even if no information about prior client access patterns to that particular object is available. 

After the object is cached, the policies start collecting information about its access frequency rate or 

recency of access. This information is later used to decide whether that object should be evicted 
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from the cache to free resources for a new object. Many of the existing caching strategies for 

streaming and especially for web objects fall into this category.   

In the context of traditional web caching, most of the caching strategies are adaptations of 

traditional memory caching algorithms [130] such as least-recently-used (LRU) and least-

frequently-used (LFU).  Because early characterizations of web access patterns suggested the 

presence of strong temporal locality of reference and preference for small objects [18, 48], most 

policies combine recency and object size into utility measures that are designed to capture the 

benefit of retaining a document in the cache [1, 35, 98, 149, 153]. Some of these measures also 

include other factors such as server latency and bandwidth to the server [35, 98, 153]. In common, 

most of these policies selectively evict large files from the cache. As an example, the utility 

measure used by Greedy Dual Size (GDS) caching policy, which delivers very competitive 

performance [35], is computed as the ratio cost/size, where cost is a measure of the cost of 

retrieving the object from the server (e.g., the latency). This measure is decreased over time to 

dynamically age objects in the cache. More recently, new studies [22] reveal a weakening of the 

strong temporal locality previously associated to Web access patterns. This observation, combined 

with the Zipfian characteristic of Web access [12, 18, 22, 48, 52], which implies that the 

probability of future references is dependent on past access frequencies, suggests that the relevance 

of taking into account long-term access frequencies in caching algorithms is increasing. This fact 

led to the development of GDSF [16] and GDS-Popularity [86], more efficient strategies that 

incorporate access counts into the GDS utility measure.  

Traditional web caching policies do not take into account the high disk bandwidth 

requirements of streaming media files. In particular, they typically write new content into the cache 

every time there is a cache miss. Thus, the cache content is changed very frequently which implies 
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a high degree of disk write overhead if the policies are applied to streaming media content. 

Furthermore, these algorithms do not address the special tradeoffs of multicast delivery. In 

particular, their goal is to maximize cache byte hit ratio. However, maximizing byte hit ratio alone 

is not sufficient for minimizing delivery cost if scalable multicast delivery is used.  Thus, these 

algorithms are not necessarly adequate for streaming media. 

Early work on caching for streaming media propose storing small intervals in main memory, 

so as to satisfy multiple client requests that arrive close in time [50, 51, 53, 54, 90, 107]. Intervals 

exploit temporal locality and the sequential access pattern of streaming objects to use the limited 

cache space to store data that is guaranteed to be needed soon in the future at the possible expense 

of high cache read and write bandwidth requirements. The strategy is to cache the smallest 

intervals, as they contain the data that will be accessed soonest in the future. 

The Resource Based Caching (RBC) algorithm [137, 138, 139] is a complex disk-based policy 

that caches a mixture of full files and intervals and is guided by two goals: a) keep disk space 

utilization and disk bandwidth utilization approximately equal and b) replace the entity in the cache 

that is estimated to be needed again farthest in the future. One key characteristic of RBC is that a 

new entity is cached only if it can pre-allocate disk bandwidth for it. In particular, the allocation of 

bandwidth to multiple entities is independent. In other words, bandwidth that is allocated to a 

cached file cannot be used to serve a request to a different file, even if it is not currently in use. In 

[138], the authors conclude RBC outperforms the much simpler LFU. However, the design space 

explored is very limited and some of the results are inconsistent. Therefore, a more thorough 

analysis of this algorithm is necessary for reaching conclusive results on its performance. 

Extending the algorithm to incorporate cost tradeoffs for streaming media files that are delivered 

using scalable protocols is also an open problem. 
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In [121, 122, 123], Rejaie et al define a frequency-based partial caching architecture and 

policy for layered encoded video streams [145]. The caching replacement policy is defined together 

with a mechanism for quality adaptation and congestion control that adds and drops layers in 

response to variations in the available bandwidth between client and server. A popularity measure, 

directly proportional to the amount of data delivered per layer, is applied on a per layer basis. 

Whenever cache space is needed to store a new layer, the policy removes the least popular layer, 

starting from the last segment. Note that this caching strategy is not adequate to capture client 

interests for different portions of the files, since it may evict portions of the file that are the most 

frequently requested if these portions are a small fraction of the file or include the last segments. 

Other drawbacks of this policy is that it considers only disk space as limited resource (i.e., it 

assumes unlimited disk bandwidth) and arbitrarily uses disk bandwidth to write any new content 

(layer or segment) to the cache, which may result in unnecessary write traffic if the content is 

removed from the cache soon in the future. 

2.1.2 Rate Driven Caching Strategies  

Rate driven caching strategies determine the server content for a given system configuration 

defined by the available resources and current client request rates for each object. The content is 

periodically updated after significant changes in the system configuration and request rates are 

detected. One example of a simple rate driven strategy for unicast delivery is a frequency-based 

caching policy that only stores an object in the cache if it is guaranteed to be one of the currently 

most frequently accessed. This policy, evaluated in chapter 5, maximizes byte hit ratio and thus 

minimizes the delivery cost. Note that the LFU caching policy, traditionally a request driven 

strategy for memory caches that stores new content on every cache miss evicting from the cache, if 

space is needed, the least frequently used objects, may be implemented as this rate driven caching 
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strategy. Most previous studies that use LFU for web or streaming [3] caching are not clear which 

implementation is used.  

 A few early papers propose rate driven caching strategies for unicast streaming [38, 120] and 

multicast streaming [57, 58]. In [120], multiple caching strategies for unicast streaming are 

analyzed together with disk striping and replication in a proxy system with a disk array. Using 

analytical models for disk and streaming performance, the authors compare LRU against the two 

implementations of LFU discussed above and find that avoiding the arbitrary caching of unpopular 

files results in performance improvement. This result is consistent with our hypothesis, described in 

chapter 1. Also in the unicast context, [38] proposes an optimization model for defining the prefix 

caching strategy that minimizes a cost function including storage and backbone network costs. 

More recently, optimization models for caching of layered objects with the goal of maximizing a 

given total revenue function, have also been proposed [91]. As expected for unicast delivery, the 

best strategy is to cache the content that incurs the highest cost, i.e., the most popular files for 

minimizing bandwidth cost or the layers with highest revenue per minute of video for maximizing 

revenue.  

As discussed in chapter 1, the shared delivery of a popular object, using multicast, poses 

several new tradeoffs. In a first attempt to address these tradeoffs, Eager et al propose extensions to 

the scalable dynamic skyscraper protocol [59] to enable proxy caching of file prefixes and formal 

optimization models that can be solved to determine the full file or prefix caching strategy in the 

context of a system with homogeneous [57] and heterogeneous [58] proxy servers. The goal is to 

minimize the total delivery cost, which includes origin and local bandwidth costs, assuming limited 

cache space and disk bandwidth and that local and origin servers use dynamic skyscraper to deliver 

the streams to the clients. The authors conclude a caching strategy that allows for caching of file 
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prefixes is the best strategy compared to retrieving the whole file from one of the servers. In 

particular, they found that the optimal cache content includes prefixes in the order of 15% of the 

full media stream for files with a range of access rates in many scenarios. However, the delivery 

protocol used allows only a very strict partitioning of the data where either a fixed length prefix or 

the full file might be cached at the local servers.  Furthermore, the authors use an approximate 

estimate of network delivery cost, defined by a single constant to represent the ratio of the average 

cost of proxy stream to the average cost of an origin stream. Open questions left by this work 

include how to extend more efficient protocols (such as Bandwidth Skimming [60, 61]) to enable 

prefix caching, the development of CDN design cost models for these protocols, how to include 

more precise network delivery costs into these models and whether simple approximate rules of 

thumb that result in (near) optimal delivery cost can be devised.  

The basic formulation proposed in [57] was extended in a series of more recent studies 

(parallel to this thesis) to develop optimization models for determining the optimal proxy server 

content for different multicast streaming protocols [76, 118, 143, 144, 147]. The cost models differ 

with respect to the scalable protocol used, to the assumptions made on the available system 

resources and to whether the origin uses multicast or unicast delivery. Nevertheless, as in [57, 58], 

all these works also find (or propose) that a storage strategy that allows for prefix caching is the 

optimal proxy storage strategy. However, they have some drawbacks. [76, 144, 147] assume 

limited disk storage but unlimited disk bandwidth, which is not realistic. Furthermore, [118, 143] 

propose the use of prefix caching and batching of client requests for suffix streams from the origin 

but do not compare the performance of this strategy against streaming the whole file from only one 

server or against a delivery protocol that does not rely on batching. Thus, whether prefix caching 

and batching are the best strategies under flexible and more realistic assumptions remains to be 
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thoroughly analyzed. In particular, how these two strategies behave if more efficient scalable 

delivery protocols (such as Bandwidth Skimming [61]) are used remains an open question.  

2.1.3 Cooperative Caching 

Cooperative caching is a technique where neighboring proxies serve each other misses (i.e., share 

their contents) in order to reduce the load on the network and on the origin server. Cooperative web 

caching was first proposed in the context of the Harvest project, with the design of the Internet 

Cache Protocol (ICP) [84] that supports discovery and retrieval of documents from neighboring 

caches. The more scalable and efficient Summary Cache [66] was later proposed.  Cooperative 

caching is not addressed in this thesis as our focus is on hierarchical CDNs. However, the caching 

policies used in the cooperative caching architectures reviewed in this section are more closely 

related to this thesis. 

Several architectures for cooperative caching of streaming media have been proposed [3, 24, 

37, 74, 80, 95]. The common strategy is to partition the file into several segments and spread them 

across multiple servers. In [3], the authors use a set of request traces [4] to compare several caching 

policies for their MiddleMan cooperative caching system. They found that LRU-k [106] and LFU 

outperform LRU and FIFO. The LRU-k policy is a request driven replacement policy that evicts 

from the cache the object that has the largest kth distance, defined as the time since the kth most 

recent client request.  The performance comparisons are performed under the assumption of 

unlimited disk bandwidth. In particular, all policies cache a file on a miss, which might hurt 

performance under more realistic assumptions if disk bandwidth is wasted on caching unpopular 

files.  LRU-k is also used in [95] as the replacement policy in a system that combines prefix and 

segment caching with video summarization, where key representative frames are stored at each 
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neighboring proxy so that clients may quickly choose which portion of the video he/she wants to 

retrieve.  

The caching policy used in the SOCCER system [24, 80] is not well defined but includes 

interval caching, segment caching and prefix caching (inside a segment) and the system works with 

either unicast or multicast delivery. Unlike SOCCER and Middleman, RCACHE [37, 74] caches 

multiple replicas of the same segment in different servers. The number of replicas is defined by the 

segment popularity. In particular, a segment may not be stored in any server if it is not one of the 

most popular segments.  Cooperative caching has also been proposed together with active routers, 

placed across the network, which actively store data that is captured while being transmitted from 

the origin server to the clients and cached using either interval [141] or segment caching [136].  

2.1.4 Other Streaming Media Caching Considerations 

In addition to reducing bandwidth costs and client latency, partial file caching can also be applied 

for reducing variability in network resource requirements. Previously proposed techniques include 

prefix caching [128] for smoothing playback of a variable bit rate streams, video staging [148], 

which caches the bursty portions of popular files, and selective caching [105], which caches prefix 

and intermediate segments for limiting the probability of client buffer underflow. This work is 

orthogonal to this thesis, which develops caching strategies for minimizing delivery cost. However, 

our solutions can be extended to include one of these techniques.  

Given the large sizes of video files, there have been proposals for a hierarchical storage 

system consisting of both tertiary and secondary memory such as the Berkeley VOD System [28], 

where video files are permanently stored in tertiary memory (tapes) and are brought to hard disk in 
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response to client requests. Analytical models for designing the architectural parameters of such 

systems (tertiary, secondary, network bandwidth and disk storage) have also been proposed [39].   

A different approach is taken in [117], where the authors propose a memory caching strategy 

that stores data in a pre-packetized format ready for immediate transmission with the goal of 

avoiding the overhead associated to user level processing and assembly of packets.  

One final issue that is related to the design of caching strategies is the design of block 

allocation and placement strategies for improving disk throughput and load balancing across 

multiple disks. Among the previously proposed strategies are disk striping [108] and random data 

allocation [127]. 

2.2 Server  Placement  

Another key challenge for designing efficient CDNs is to define where replicated content should be 

placed, or in other words, to define the number and placement of (proxy and origin) servers in the 

network. More specifically, the server placement problem consists of determining, for given 

network topology and, possibly, set of client populations, where a number of servers should be 

placed in order to minimize an arbitrary cost function (e.g., bandwidth costs, client latency). This 

problem can be modeled after a well-known problem in graph theory, the center placement 

problem, or any of its variations, the minimum k-median problem or the facility location problem. 

An optimal solution for this problem has been shown to be NP Complete for general graphs [70]. 

Hence, previous works in this area either address this problem for specific topologies, such as daisy 

chains, rings [93] or trees [93, 96] or propose approximate algorithms for the general case [85, 115, 

116]. An extensive survey of previously proposed algorithms for server placement is given in [92]. 

This section summarizes some of the most relevant previous contributions. 
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The problem of placing web proxies with the goal of minimizing client latency for a target 

server was first analyzed in [96]. This problem is mapped into the placement of proxies in a tree 

rooted by the server. The authors provide an optimal dynamic programming solution with 

polynomial complexity. A similar problem was later investigated by the authors in [93], who 

provide a more efficient optimal solution. They also propose a greedy algorithm that places replicas 

one at a time, choosing at each step to place the new server at the node that minimizes a 

formulation of the total cost. They show that their greedy algorithm performs very close to the 

optimal in many Internet-based tree topologies. 

More recently, several researchers addressed the placement problem for more general, random 

or Internet, network topologies [85, 115, 116]. They propose and compare a set of approximate 

algorithms, including the previously proposed greedy algorithm [85, 115], a fan-out based 

placement strategy which places servers at the nodes with highest degree of connectivity [85], hot-

spot placement, which places servers close to the clients with higher demand [115] and random 

placement [85, 115]. The key conclusions are that a) the greedy algorithm performs very well for 

general topologies [85, 115] and b) the fan-out based placement algorithm performs very close to 

the greedy algorithm with the advantages of lower complexity and no requirement of prior 

knowledge about the clients [85].  More recently, Radoslavov et al analyzed the sensitivity of the 

fan-out based placement algorithm to the level of abstraction of the nodes selected for placement in 

Internet topologies [116]. The key result is that not only the servers should be placed at the most 

connected Autonomous Systems (higher level of abstraction), as proposed in [85], but also they 

should be placed at the most connected routers inside the selected Autonomous Systems. 

All these previous and parallel studies apply the proposed algorithms for unicast delivery, and 

assume fixed server selection and routing strategies, namely each client contacts the closest replica 
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server and the responses take the shortest path back to the clients, which are the optimal strategies 

for unicast delivery. Whether these conclusions hold for multicast delivery is not clear since none 

of the policies directly accounts for savings from sharing of multicast streams. Server placement 

for CDNs that use scalable multicast delivery have been explored only in a very restricted form 

where the placement is fixed and the number of replicas is either equal to one (the origin server) or 

to a fixed number (the proxy servers) [57, 58, 118, 144, 147].  

We point out that most of the studies, summarized in this and in the following section, use 

either randomly generated or Internet network topologies. Despite the large number of topology 

generators [6, 8, 29, 34, 89, 102, 154], a number of studies focus on analyzing characteristics of the 

Internet (e.g., connectivity) and on generating Internet topologies from publicly available or 

collected information [26, 41, 65, 68, 72, 133]. 

2.3 Server  Selection and Routing 

For unicast delivery, contacting the “closest”  server and routing through the “shortest”  path are the 

optimal strategies, assuming path distances that accurately reflect network cost. The focus of most 

previous works is on defining how to estimate path distance, using either static or dynamically 

collected measures. As an example, static shortest path or weighted shortest path, measured by the 

number of (weighted) hops, are the primary routing algorithm in use in today’s Internet for both 

unicast and multicast delivery [49, 63]. The use of static measures of geographical distance for 

routing has also been proposed in [77]. Other routing strategies make decisions based on 

dynamically collected measures of the current state of the network and servers [13, 14, 36, 71, 75, 

110]. Furthermore, locality aware strategies, which target both load balancing and throughput, 

explore temporal locality  by sending   to the same server, requests  to  the  same  object  that  
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arrive close in time as long as the load imbalance among the servers is kept under a certain 

threshold [71, 110].  

In [30], server selection is studied in the context of downloading of large files in peer to peer 

systems operating in an overlay network. The goal of this work is to increase throughput by letting 

clients simultaneously download different portions of a file from different peers. This work focuses 

on designing efficient algorithms for peer selection and for reconstructing the original file. 

In the context of streaming, routing strategies have been proposed with the goal of improving 

content quality and resilience to packet losses by the use of redundant delivery paths [15, 73]. This 

is orthogonal to the goal of this thesis (i.e., to minimize delivery cost). However, the methods 

developed in this thesis can be extended in the future to include strategies that also target 

improving resilience to packet loss.  

To the best of our knowledge, server selection and routing strategies that specifically account 

for savings from multicast have only been partially addressed in two recent, parallel, studies [67, 

155]. In [67], the authors propose optimization models and heuristics for server selection assuming 

fixed server location and a single multicast stream, that has network bandwidth independent of the 

number of clients receiving the stream, which is the case for broadcast or live streams. In [155], on 

the other hand, the authors propose two routing heuristics for the scalable bandwidth skimming 

multicast protocol, which has server bandwidth requirement that is dependent on client load. 

However, the heuristics are evaluated on randomly generated network topologies with only one 

server, with fixed placement. 

Server selection and routing for CDNs that use multicast delivery is further explored in this 

thesis. In comparison with [67], we address the problem for on-demand delivery of stored content 

using the efficient scalable bandwidth skimming protocol, which has bandwidth requirements 
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dependent on client load. Our work builds on the results from [155] and derives a set of 

approximate algorithms for both placement and routing. Some of the routing algorithms are similar 

to those developed in [155] but are generalized for the case of multiple servers. We also provide an 

optimal algorithm and use it as benchmark to evaluate the approximate algorithms in a number of 

realistic Internet topologies.  

More generally, a common strategy among all previous works is to address the server 

selection and/or routing problem assuming fixed server location. Similarly, as described in the 

previous section, server placement has been addressed assuming shortest path routing, which is the 

optimal strategy for unicast delivery. This is a key point that distinguishes our work from the 

previous ones. We solve the joint server placement and routing problem for scalable CDNs, where 

the optimal strategy for either problem is not known a priori. This significantly increases the 

complexity of our solutions, compared to previously proposed methods. 

2.4 Workload Character ization 

A clear understanding of characteristics of the workload such as client request arrival process and 

object popularity is very relevant to the design of efficient CDNs. The statistical properties of web 

workloads have been investigated in a number of studies. Mostly based on log analysis, they 

include characterization of client [22, 48], proxy [25, 35] and web server [17, 18, 20] workloads. 

The logs used in these studies are composed most entirely of web files. Given the distinct and 

unique characteristics of streaming media objects, it is not clear whether their conclusions hold for 

a workload containing a larger fraction of streaming content.  More recently, in response to the 

growing popularity of streaming content in the Internet [2, 152], there have been a few attempts to 

characterize streaming media workloads [4, 42, 44, 78, 79, 104, 109, 142], many of which are 

parallel to this thesis.  The workloads analyzed in these studies differ in several dimensions: server 
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versus client workloads, stored versus live content, entertainment, educational or commercial 

content. This section summarizes the main previous findings regarding several streaming workload 

characteristics. Whenever appropriate, the corresponding findings for web workloads are also 

reported. These observations are used in the development of workload generators such as Surge 

[20] (for web workload) and GISMO [87, 142] (for streaming workload). 

Despite a large variation in object sizes and encoded bit rates, one common finding among all 

previous characterizations of streaming workloads is the large fraction of client sessions that 

retrieve only a small portion of the file, reflecting very interactive client populations [4, 42, 44, 78, 

79, 104, 109]. Furthermore, the distribution of session lengths for different workloads has been 

shown to have a heavy tail [44, 103] and has been characterized as either Gamma [109] or 

Lognormal distributions [109, 142]. Heavy tailed distributions have a high variability and, in 

practical terms, indicate that very large values are possible with non-negligible probability. Client 

sessions are further broken into a sequence of client interactions including pauses, resumes, fast-

forwards, rewinds or jumps into specific points of the video. Such client behavior is modeled as a 

sequence of media alternating ON and OFF times and models for the distribution of both ON and 

OFF times are provided in [109, 142].  In the context of web workloads, there is no concept of 

partial access. However, the distribution of file sizes, including files stored on servers,  requested 

by clients and transmitted over the network, has also been characterized as heavy-tailed, usually 

modeled with a Pareto distribution [17, 18, 20, 22, 47, 48]. 

The distribution of inter-arrival times for streaming workloads has only been analyzed in a 

few studies [4, 103, 142]. The attempt to characterize inter-arrival times in [4] resulted in no clear 

indication of any particular distribution, except that it seems to depend on the category of the file 

(entertainment versus educational content). One drawback of this analysis is that it was performed 
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over data collected during a period of six months. Therefore, the effects of data aggregation over 

such an extended period during which the arrival process is not likely to be stationary may have 

hidden the true distribution. The authors in [103] are more successful in showing that although the 

request inter-arrival times seem to be heavy tailed, the session inter-arrival times follow an 

exponential distribution. Similar results have also been observed for web workloads: whereas the 

inter-session times are usually modeled with an exponential distribution [18, 112], the inter-request 

times are usually modeled with a heavy tailed Pareto distribution [18, 20, 47]. In contrast, the 

distribution of inter-arrival times for both sessions and requests for a live streaming workload has 

been found to be exponential over periods of stationary load in [142].   

File popularity is another characteristic that has been analyzed in many previous works. In the 

web context, it has been consistently characterized by a Zipf or a Zipf-like distribution [156], 

which relates frequency of access to popularity rank via a power-law relationship, i.e., Prob(access 

file i) = C/iθ, where θ > 0 and C is a constant to guarantee the sum of the access probabilities over 

all files is equal to 1 [12, 17, 18 ,20, 22, 25, 48]. In the streaming context, a few previous studies 

have successfully characterized file popularity with a Zipf-like distribution [42, 44, 52]. In [42], the 

authors measure file popularity over different time scales (a month, six months, one year) and 

conclude that a Zipf-like distribution models file popularity of their workloads reasonably well if 

the data is analyzed over the right aggregation period. A Zipf-like distribution has also been used, 

in the context of live streaming, to characterize client interest profile, defined as the number of 

times a client access the same live stream related to the same live content [142].  

Another aspect of a workload that may have implications for caching policies is temporal 

locality. Temporal locality refers to a characteristic in which there is a higher probability of 

referencing in the near future objects that have been referenced in the recent past and has been the 
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focus of attention of several previous studies, especially for web workloads [4, 12, 17, 20, 22, 25, 

48, 86, 100]. They all observe strong temporal locality in the workloads analyzed, although [22] 

shows a recent weakening in the temporal locality of a web workload.  

Finally, three previous works provide analysis of streaming traffic from a network standpoint 

focusing on characteristics such as packet inter-departure time [103], spatial workload distribution 

[104], packet loss, delay jitter, packet reordering and path asymmetry [97]. 

Although collectively previous and parallel analyses of streaming workloads cover a large set 

of different characteristics, most of them focus only on a few specific aspects of the workload. 

Thus, there is a need for a more thorough characterization covering most of the relevant aspects for 

the same streaming workload. There is also a need for a careful analysis of how each workload 

aspect considered varies over time. In particular, insights into how client request rate and file 

access frequency change over time are important to determine how frequently a CDN configuration 

should be updated. Futhermore, analyzing the time varying aspect of the characteristics is also 

important in order to identify periods of approximate stationary behavior, over which the 

characterization of the workload aspect should be carried out. It is important to avoid analyzing 

data over periods of non-stationary behavior. This is one key point that distinguishes our work 

from previous ones. It is also explored in two parallel works [42, 142]. 

2.5 Scalable Streaming Media Delivery Protocols 

Recently, a number of scalable multicast streaming protocols for delivering popular stored media 

content have been proposed with the promise of significant reductions in server and network 

bandwidth, compared to the conventional unicast streaming. This section summarizes the key 
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characteristics of some of these protocols and describes Bandwidth Skimming, a more efficient 

scalable protocol that is the basis for many of the techniques developed in this thesis. 

  The simplest multicast streaming protocol, batching, consists of making clients wait in the 

hope that enough client requests are received within a certain period. These requests are batched 

together and served using a single multicast server stream [55].  Although simple, this protocol 

may incur a very long client waiting time. Another technique is piggybacking [5], where the client 

speeds up or slows down the rate at which the file is displayed in order to bring different streams to 

the same file position, at which time the streams merge, reducing bandwidth requirements. 

However, the efficiency of the protocol is limited by the maximum change in the display rate that a 

client can tolerate (± 5%). For both batching and piggyback, the required client bandwidth is 

limited to the file streaming rate.  

If clients have bandwidth larger than the file streaming rate and enough buffer space, more 

efficient protocols, which let a client simultaneously receive data from multiple streams, can be 

used. The client shows the data received in one of the streams to the user as it is received and 

simultaneously buffers the data received in the other streams, which allows it to catch up and share 

the transmission of the rest of the file with an earlier client.   

One class of such protocols is periodic broadcast [5, 57, 58, 59, 83, 111]. In this protocol, the 

server divides the file into segments and continuously broadcasts them on a fixed number of 

transmission channels (or streams). Upon arrival of a client request, the server returns a schedule 

for the client to tune into each of the transmission channels to receive each segment in time for 

playback to the user. An example of periodic broadcast is the static skyscraper algorithm [83], 

which divides the file into increasing segments and requires that clients must be able to receive on 

two channels simultaneously.  Because the segments have increasing size, clients that receive 
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different early segments will batch together for receiving later longer segments. Since server 

bandwidth requirement for delivering a given file is constant, this technique is very efficient for 

large request rates. The dynamic skyscraper [59] improves on this technique for the case of time 

varying file popularity and for providing true on-demand service. The partitioned dynamic 

skyscraper further improves the protocol to include proxy caching of earlier segments [57, 58].  

The digital fountain approach [31] is a different broadcast protocol designed for reliable download 

of bulk data over lossy channels. 

Another class of delivery protocol is patching [33, 82, 129]. Upon arrival of a client request, 

patching immediately starts multicasting the object. A later arriving client joins the on-going 

multicast stream and receives the initial (missed) portion of the file from a separate unicast stream. 

The algorithm limits the bandwidth required for unicast streams by using a threshold parameter. If 

the missed portion of the file is longer than the threshold, the server creates a new multicast stream 

to deliver the whole file. Catching and selective caching [69] are variants of this protocol that 

combine both patching and periodic broadcast.  

Bandwidth Skimming [60, 61, 62] is a more efficient scalable streaming protocol, based on 

hierarchical merging of multicast streams to reduce bandwidth. The following sections describe the 

basic Bandwidth Skimming protocol in details, as it is the basis for many of the techniques 

developed in this thesis.  

2.5.1 The Bandwidth Skimming Protocol 

The basic idea behind Bandwidth Skimming is that upon arrival of a new client request, a new 

multicast stream is created to deliver the file. In one variation of the protocol, called Closest Target, 

the client listens to the new multicast stream as well as to the closest (target) multicast stream that 
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is still active. When the new stream has delivered all of the data that the client missed in the target 

stream, it is terminated, and all clients listening to the target stream are now “merged”.  The clients 

listening to the “merged” stream also start listening to its closest previously created multicast 

stream that is still active (which becomes its target). However, if the target stream terminates 

before the later stream is ready to catch up to it, the clients listening to the later stream simply start 

listening the next closest target stream. Similar protocols based on hierarchical merging are also 

introduced in [21, 46]. 

Unlike previous scalable streaming protocols, bandwidth skimming can also be used if client 

bandwidth is less than twice the streaming rate. Clients use their available bandwidth to listen to an 

increasing fraction of the target stream (and a corresponding decreasing fraction of their main 

stream) in order to merge with the target stream [61].  Thus, bandwidth skimming can be used to 

deliver high quality videos that require a significant fraction of the client bandwidth. Furthermore, 

bandwidth skimming works well in the presence of client interactivity, is more scalable than 

patching, is efficient for a wider range of request rates than periodic broadcast. Moreover, 

Bandwidth Skimming has been modified for reliable delivery of content over lossy channels by 

including redundant data that is computed using erasure codes [101]. 

2.5.2 Required Server Bandwidth for Bandwidth Skimming  

Because streams are merged hierarchically, the average server bandwidth required to provide 

immediate service to each request grows only logarithmically, with a small constant factor, in the 

client request rate. The following formula has been shown to be a good estimate of the average 

required server bandwidth measured in units of the streaming rate if client bandwidth is equal to 

twice the streaming rate, arrival process is Poisson and each client requests the entire file, stored at 

the server [62]: 
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   B(N) = η ln (1 + N/η) ,                                                (1) 

 where N is the average number of simultaneous requests received during the playback of the file 

and η=1.62 if client has enough bandwidth for receiving two simultaneous streams. Values of η  

for client receive bandwidth lower than two streams are derived in [62]. 

Bandwidth Skimming is more efficient and scalable than previously proposed delivery 

techniques. The required average server bandwidth is very close to the minimum required for 

immediate service [61] over a wide range of request rates. In comparison, the required average 

server bandwidth for the Patching protocol increases with the square root of the request rate [62]. 

 

 

 

 

 

 

 

 



 

 

42

Chapter  3  

System Design Considerations 

A streaming CDN architect needs to take into account the following key issues to determine the 

most cost-effective solution for the four CDN design problems (i.e., server content, server 

placement, server selection and routing) defined in chapter 1: a) the architecture of the distribution 

network (e.g., hierarchical or peer to peer), b) the streaming protocol used by each (origin and 

proxy) server (e.g., unicast, periodic broadcast, bandwidth skimming), c) characteristics of the 

client workloads such as the client request rates for different objects and how frequently these rates 

change and d) the storage capacity, disk bandwidth and network i/o bandwidth available at each 

server as well as the network bandwidth available on the path(s) between server(s) and clients.  

As mentioned in chapter 1, the focus of this thesis is on developing methods for hierarchical 

CDNs. This chapter elaborates on the other issues. Section 3.1 further describes the components of 

a CDN. The content delivery cost functions that are minimized in order to determine the optimal 

solutions for the scalable CDN design problems addressed in this thesis are provided in section 3.2. 

The set of system and workload parameters and assumptions used in developing scalable CDN 

design models and approximate algorithms and the caching algorithms for conventional unicast 

CDNs are discussed in section 3.3. Section 3.4 discusses our approach to explore a large region of 

the CDN design space defined by these parameters and assumptions.  
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3.1 Fur ther  Descr iption of CDN Components 

The operation of a CDN was briefly discussed in chapter 1 (section 1.1).  Recall that, a CDN 

consists of a group of clients, a group of (proxy and origin) servers where content is replicated and 

a network connecting servers and clients. This section elaborates on each of these components and 

on how they are defined in the context of the solutions developed in this thesis.  

For instance, our algorithms and CDN design models are solved for a set of client sites, 

instead of considering each individual client separately, where a client site is defined as a group of 

clients that are located geographically close to each other and are connected to the same given 

access point (e.g., a cable network, a domain in the Internet). In practical terms, this means that our 

methods consider the statistically aggregated content requests from a group of clients, instead of 

each individual client request.  

We consider CDNs where origin and proxy servers use either unicast or a scalable multicast 

delivery protocol. For scalable delivery, the Hierarchical Streaming Merging Bandwidth Skimming 

[60, 61] is the streaming protocol assumed, unless otherwise stated. Bandwidth Skimming was 

chosen because of its scalability properties, superior to other protocols such as patching [33, 82, 

129], and its overall high efficiency for all ranges of request rates. Furthermore, it can be used in 

interactive environments and has been extended to include techniques for packet loss recovery 

[101]. Although our strategies assume the basic bandwidth skimming protocol, the approach, main 

insights and conclusions obtained should also be valid if the reliable bandwidth skimming is used.  

The underlying multicast protocol used by each server may be either IP multicast [63], which may 

become more widely available as new protocols supporting single-source multicast are 

implemented [81], or application level multicast [45]. 
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As discussed in chapter 1, client requests are sent to a proxy server, typically the closest one, 

which may forward them to the origin server, in case the requested content is not (fully) stored 

locally. We point out that the origin server may stream the content back either to the proxy server, 

which then forwards it to their clients, or directly to the clients. Appropriate scenarios will be 

considered in evaluating caching algorithms and designing the minimum delivery optimization cost 

models. In particular, we point out that it is cost-effective to transmit origin streams through a 

proxy only if the content is simultaneously being written into the proxy cache or if the origin server 

uses unicast and the proxy uses multicast, in which case, it results in significant bandwidth cost 

reductions. Otherwise, it is more cost-effective to stream the origin content directly to the client as 

it results in lower server and, possibly, network bandwidth costs. 

The network topology connecting clients and servers (e.g., the Internet) can be modeled at 

different levels of abstraction. At a higher level, the backbone or remote network and each proxy 

(local) network are represented as single nodes. For example, the network in Figure 1 (section 1.1) 

contains three nodes.  More detailed hop-level topologies with server access points can be specified 

depending on how network bandwidth cost is charged. As discussed in chapter 1, appropriate 

charging schemes for multicast streams on the Internet are still an open problem. A methodology 

for creating hop level Internet topologies is proposed in chapter 7.   

3.2 Scalable CDN Design Cost Models  

For scalable CDNs, this thesis develops analytical models for deriving the minimum delivery cost 

design. In other words, we develop analytical models to compute the proxy server content, (proxy 

and origin) server placement, selection and routing that minimize the total delivery cost. This 

section defines two formulations of the delivery cost for a CDN as well as briefly introduces the 

CDN design models proposed. A detailed description of these models is given in chapters 6 and 7.  
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The total delivery cost of a CDN, which corresponds to the cost, ultimately paid by the content 

provider, to have its content delivered to the clients, includes server and network delivery costs. 

Server and network delivery costs are proportional to the bandwidth that server and network must 

be provisioned with in order to handle the expected workload, respectively. The cost of other server 

resources (i.e., processors, disks and faster network interface cards) is included as part of the server 

bandwidth cost since additional resources are needed as the required server bandwidth increases. 

An important previous result that relates the required server (and network) bandwidth that a CDN 

must be provisioned with to handle a given load with the required average server (and network) 

bandwidth was obtained in [134]. For a given client load, Tan et al show that the amount of 

bandwidth that a server that delivers a number of files should be provisioned with to guarantee a 

very low client balking probability (i.e., one in ten thousand), i.e., to guarantee that a client 

interrupts its request before being served with very low probability, is approximately the same as 

the average concurrent server bandwidth required to sustain that load [134]. This is because the 

variation in the sum, over all files, of the server bandwidths needed to give every client immediate 

service is statistically lower than the variation in the server bandwidths for each file. Intuitively, 

during periods when a file requires more than its average server bandwidth, other files may use less 

than their average server bandwidth. This result implies that assuming a server (and network) will 

be well provisioned for the anticipated client load, server (and network) delivery cost is 

proportional to the average server (and network) bandwidth required to sustain that load. This is a 

key observation, on which our models and solutions are based. We will use formulations of the 

delivery cost that are proportional to the average server and network bandwidth.  

The total average (or provisioned) network bandwidth includes average remote network 

bandwidth to transmit the stream from the origin to the region where the client is located and 
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average local network bandwidth to transmit the stream over the “ local”  network where the client is 

located. Note that the cost of a proxy stream includes server bandwidth costs and local network 

bandwidth costs whereas the cost of an origin stream includes server bandwidth costs, remote 

network bandwidth costs and, if the origin streams the content directly to the clients, local network 

bandwidth costs. 

This thesis uses two formulations for the total delivery cost, one of which was previously 

proposed [57, 58] and the other is new. The previously proposed formulation assumes network 

delivery cost can be computed directly from the average number of (multicast) streams that use the 

network concurrently. More specifically, the remote network bandwidth, expressed in units of the 

average streaming rate, is the average number of origin server multicast streams and the local 

network bandwidth, in units of the average streaming rate, is the average number of proxy 

multicast streams. In that case, the network topology can be represented at the highest level of 

abstraction where “ remote” and “ local”  networks are represented as single nodes, as the optimal 

solution depends only on the ratio of the average cost of a proxy server stream to the average cost 

of an origin server stream, rather than the exact network paths used by each stream.  The delivery 

cost, D1, defined above, is expressed, for P proxy servers, as: 

pproxy
Pp

porigin BBD _1 ×+=
∈

β  ,                  (2) 

where Borigin is the total average concurrent server bandwidth required to deliver the content from 

the origin server,  Bproxy_p  is the total average concurrent server bandwidth required to deliver the 

content stored at proxy p and 
�

p  is the ratio of the average cost of one proxy p stream to the 

average cost of one origin stream. The formulas for Borigin and Bproxy_p depend on the streaming 
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protocol used by the origin and by proxy p, the client load at each proxy and on the content 

replicated at each proxy server. 

To design the CDN, equation (2) is minimized over all possible number and placement of 

proxy servers, delivery trees and (partial) media content that could be stored at each proxy, subject 

to constraints on the storage and bandwidth available at each proxy. This model was first proposed 

in [57, 58] where the authors developed specific server bandwidth formulas and results, assuming 

the dynamic skyscraper protocol. In chapter 6, we will build on this model and develop protocols, 

bandwidth formulas and results for the more efficient bandwidth skimming protocol, which, unlike 

the dynamic skyscraper, allows an arbitrary file prefix to be stored at each proxy.  

The multicast streams transmitted to different sets of clients may be transmitted over different 

network paths, incurring different network costs. We propose and develop a new more elaborated 

formulation of the total delivery cost that takes into account the network path traversed from 

server(s) to client sites to include a more detailed calculation of network bandwidth costs. In 

particular, the total average network bandwidth of a CDN is defined as the (possibly weighted) sum 

of the average concurrent network bandwidth on each hop in the network used by each server to 

deliver content to the client sites. This formulation of the delivery cost, D2, is expressed as: 

+×=
j

jserveryxnetworkhop
yx

yx BBwD ,,_
),(

,2 γ ,              (3) 

where Bnetworkhop_x,y  is the average bandwidth required for the network hop between nodes x and y, 

Bserver,,j  is the average bandwidth required for (origin or proxy) server j, �  is defined as the ratio of 

the cost of one unit of server bandwidth to the cost of one unit of per-hop network bandwidth and 

wx,y is a weight assigned to the network hop between x and y to represent the relative cost of one 

unit of bandwidth among different network hops. To design a CDN, an optimization design model 
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can be constructed where equation (3) is minimized over all possible number and placement of 

servers, server content and delivery trees with possible constraints on server storage and bandwidth 

as well as network bandwidth on each hop. This model is defined more precisely and further 

explored in chapter 7.   

The optimization cost models for designing scalable CDNs developed in this thesis, are 

implemented using the General Algebraic Modeling System (GAMS) system [27]. GAMS is a 

modeling system for mathematical programming problems which includes a language compiler and 

a set of efficient solvers. The cost models developed in this thesis contain non-linear and non-

convex functions. For these functions, the optimization algorithms do not guarantee true optimality. 

However, we have modified these models, as described in chapters 6 and 7, to include a mixture of 

linear functions and integer binary variables, for which several solvers can be used to find the 

global optimal solution. In particular, we use the CPLEX solver, included in the GAMS system, to 

solve our linear models.   

3.3 Workload and System Configuration Assumptions and Parameters 

The set of basic system and workload parameters that are used in the optimization CDN design 

models and algorithms, as needed, to determine the optimal number of proxy servers, server 

placement, routing and proxy server content is given in Table 1. The table also includes the outputs 

from the optimization models and algorithms. We claim that the parameters in Table 1 represent all 

the essential properties of the system, with the exception of partial file accesses due to client 

browsing or other interactive behavior such as pause, fast forward, skip ahead, and so forth. 

However, the CDN design models, algorithms and solutions derived for the given parameters that 

assume only full file accesses can be refined and applied to systems with interactive client loads, as 
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explained below. The parameters in Table 1 define a list of implicit assumptions on the system 

operation, which are discussed next. 

System 
Parameters Definition 

Pspace_p Storage capacity available at proxy p 
Pbw_p Streaming bandwidth available at proxy p 

V Set of nodes { 1, 2, 3, … v}  that define the network topology 

A Set of directed arcs { (x,y),  x, y ∈ V }   in the network topology 

    NetBWx,y Bandwidth available in the network hop represented by the arc (x,y) ∈ A 

wx,y Weight on arc (x,y)∈ A (i.e., relative cost of one unit of bandwidth on the arc) 

S Access points for server placement  (S ⊆ V) 

CV Client sites (CV ⊆ V) 

βp 
Ratio of the average cost of one proxy p stream to the average cost of one origin 
stream 

γ 
Ratio of the cost of one unit of server bandwidth to the cost of one unit of 
network bandwidth over a hop  

b Minimum bandwidth available at the client, in units of the average streaming rate 

Workload 
Parameters Definition 

n Number of media objects or files 
Ti Duration (in minutes) of file i 
r i Streaming rate (in Mbps) of file i 

λc Total client request arrival rate from client site c∈ CV 
pi,c Access probability for file i from client site c∈ CV 

λi,c Total client request arrival rate for file i from client c∈ CV (λi,c = λc ×  pi,c) 
Models 
Outputs Definition 

P Number of proxy servers  

S* Set of (proxy) server nodes in the optimal delivery network  (S* ⊆ S)  
fi,p Fraction of file i stored at the proxy server p 

Bproxy_p  Server bandwidth required to deliver the content stored at proxy p 
Borigin Server bandwidth required to deliver content from the origin  

Nx,y   
Average concurrent number of streams traversing the hop represented by arc 
(x,y)∈ A 

Bnetwork Total average network bandwidth summed over all  hops 
Bserver Total average concurrent server bandwidth summed over all servers 

 

Table 1: System and Client Workload Input Parameters and 
Outputs of the CDN Design Methods 
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Unless otherwise stated, we assume media request arrivals, overall and per file, are Poisson, as 

observed for web workloads [18, 112] and for some streaming media workloads [103, 142]. The 

request arrival rates from each client site c may change over time and the parameter � c represents 

the instantaneous rate at a point in time. We point out that the distribution of inter-request arrival 

times for other web workloads [20, 112, 150] have been observed to have a heavier tail than 

exponential reflecting a more bursty arrival processes. The more bursty arrival process has three 

principal effects on the design of streaming media CDNs.  First, interval caching may be more 

efficient as the intervals will be smaller, on average. Second, the total average concurrent 

bandwidth used to deliver a media file using a scalable streaming protocol decreases, because 

streams merge more quickly, on average. The decrease in bandwidth is relatively small [62] and 

applies to (origin and proxy) server bandwidth and to (remote and local) network bandwidth, and 

thus does not impact the optimal CDN design, which depends more strongly on the relative cost of 

a unit of server bandwidth versus a unit of (remote) network bandwidth. Third, given the average 

concurrent bandwidth to deliver a full file using a scalable streaming protocol, the fraction of this 

bandwidth needed to deliver a small prefix is larger for Poisson than for more bursty arrival 

processes. Thus, the optimal proxy content for Poisson arrivals may contain more prefixes than for 

more bursty arrivals. On the other hand, if the optimal proxy content for Poisson arrivals includes 

only full files, then the same solution is likely to hold for more bursty arrivals. We examine the 

request arrival process for two media servers in chapter 4. 

Client access frequency is defined per file. In practice, due to client browsing behavior, 

different segments of a file may have different access frequencies. Interactive file accesses have 

only been characterized statistically (e.g., percentage of fast forwards, percentage of rewinds, 

average skip ahead distance) and for a small number of media servers in the literature [78, 79, 109]. 
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There are potentially many different interactive access patterns for a given file that could occur in 

practice, such as decreasing frequency of access with increasing position in the file (as clients 

decide whether to continue playing the media), equal frequency of access as a function of the 

position in the file if clients primarily pause and resume, rather than rewinding and fast forwarding, 

and higher frequency for one or more particular segments that, for instance, have high 

entertainment appeal or that are particularly important points in an educational client.  This thesis 

provides a more detailed analysis of file access patterns for one media server in chapter 4.  

There is one principal impact of interactivity on the CDN solution, that is, content placement 

and storage decisions should be applied to file segments, rather than to full files. We point out that 

short requests and other segments that have low enough access frequency require unicast streaming 

solutions rather than scalable solutions. Scalable delivery applies to the longer or more popular 

segments, although it may be somewhat less efficient for the segment requests than for full file 

requests. Thus, to a first order, models, algorithms, solutions and insights derived for workloads 

with full file access of varying frequencies can be applied to segments that have approximately 

uniform access frequency. In addition, they can be refined to include more precise measures of the 

partial file access behavior, as discussed in chapter 8. For these reasons and because parameters 

that capture partial file access pattern cannot be defined until client interactive access patterns have 

been characterized for actual workloads, this thesis develops models and algorithms for workloads 

with full file accesses. 

Like the request arrival rates, file access frequency may also change over time and pi,c 

represents the access probability for file i from client site c at a point in time. The goals of this 

thesis are to obtain (a) insights into how frequently the file access frequencies and request rates 

change for two media server workloads (chapter 4) and (b) derive CDN design models that can be 
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used to obtain the optimal solution for each period over which the designer determines that the 

CDN configuration will be static. These intervals of time are such that it is too expensive (and thus 

not cost-effective) to update proxy server content, placement or routing. To derive results from our 

proposed CDN design models, we will assume file access frequencies are given by a Zipf-like 

distribution [156] as observed in a number of previous analyses of web and media workloads [12, 

17, 18, 20, 22, 25, 48]. Recall that, in a Zipf-like distribution, Prob(access file i) = C/iθ, where θ > 0 

and C is a constant to guarantee the sum of all file access probabilities is equal 1. 

The streaming protocols considered assume a minimum client bandwidth equal to b. We point 

out that, although the models and algorithms developed in this thesis assume full file accesses, they 

can be directly applied to file layers (instead of full files), in case clients have heterogeneous 

bandwidth and file layered encoding is used. 

We assume files are placed on the proxy disks in a way that balances the load across the disks 

[108, 127]. That is, the total disk bandwidth of each proxy p is assumed to be available for writing 

into and reading from the proxy disk cache. We note that, in practice, the available disk bandwidth 

may be lower than the manufacturer reported values due to disk access overheads and delays. 

However, if efficient disk block allocation and placement methods, such as those proposed in [108, 

127] are used, we expect the ratio of the total disk space to the total disk bandwidth, which is the 

disk parameter that primarily impacts the optimal proxy content, to remain roughly the same.  

3.4 Der ived Workload and System Configuration Parameters 

To evaluate CDN design solutions and proxy caching algorithms, Table 1 provides a daunting list 

of parameters to be varied, each of which affects CDN performance. Previous and parallel studies 

have set each of most of the parameters to a particular fixed value, and independently varied a 
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small number of the parameters, such as total average request rates, proxy cache size and maximum 

proxy bandwidth. In some cases, these few parameters are also only varied over narrow ranges of 

values (e.g., total cache size smaller than 16GB [138]) or some of the parameters are set to 

unrealistic values (e.g., limited proxy disk space but unlimited proxy disk bandwidth [76, 144, 

147]).  

A key goal of this thesis is to evaluate CDN solutions over as much of the system design space 

as is practically feasible. To achieve this goal, we first identify, in section 3.4.1, a subset of all 

parameters that have primary impact on a CDN delivery cost and thus need to be varied to explore 

the design space. Next, we make the key observation that not all of these parameters have an 

independent impact on the CDN performance. For example, total proxy storage capacity and the 

sum of the media file sizes do not need to be varied independently, because the optimal proxy 

content depends primarily on the ratio of these two parameters. Finally, we define a smaller set of 

derived and normalized parameters that will be varied to evaluate the quality of the CDN designs in 

this thesis. The relationships among the primary parameters are discussed in section 3.4.2 and the 

derived parameters are given in section 3.4.3. 

3.4.1 Primary CDN Design Evaluation Parameters 

The basic system and workload parameters that could have a primary impact in the relative 

performance of a CDN solution include:  

(1) storage capacity available each proxy, i.e., { Pspace_p, p = 1 ,…, P} , 

(2) streaming bandwidth available at each proxy, i.e., { Pbw_p, p = 1 ,…, P} ,  

(3) number n of files,  

(4) file durations, i.e., { Ti, i = 1 ,…, n} ,  
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(5) client request rate from each client site, i.e., { λc,  c = 1 ,…, |Cv|} , 

(6) average file streaming rate r, 

(7) degree of skew in the file access probability distribution for each client site, 

(8) ratio of the cost of one unit of server bandwidth to the cost of one unit of network bandwidth 

over a hop, i.e., γ,  and 

(9) the shortest (network) distances between the client sites. 

This list omits the more detailed parameters that define the network topology (nodes, arcs, arc 

weights), the ratio of the average cost of one proxy p stream to the average cost of one origin 

stream (
�

p), the minimum bandwidth available at each client,and the specific distributions of media 

file streaming rate and access frequencies. We point out that the degree of dispersion among the 

client sites, determined, for instance, by the shortest distances1 between them, has a much stronger 

impact on the optimal CDN solution, i.e., optimal server placement and routing, than the exact 

network topology connecting clients and access points for server placement. Therefore, in chapter 

7, for evaluating optimal server placement and routing solutions, we will use different topologies, 

with different degrees of client dispersion to evaluate its impact on the optimal CDN design. The 

cost ratios 
�

p can be derived from the ratio γ and the placement of the servers. Therefore, for 

determining the optimal server content for scalable CDNs, assuming fixed server placement and 

routing, which is the focus of chapters 6, the impact of the network topology (i.e., the distances 

between the clients) and the cost ratio γ is captured, to a first order, by the parameters 
�

p, the ratio 

                                                   

1 The degree of client dispersion can be measured by the maximum or the average distance between any pair 
of client sites in the network topology.  
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of the average cost of a proxy p stream to the average cost of one origin stream. The impact of the 

client bandwidth is captured in the average file streaming rate r.  

The principal impact of the distributions of media file streaming rate and access frequencies is 

captured in the degree of skew in the file access probabilities. In other words, alternative detailed 

distributions impact the total concurrent bandwidth required to deliver each file, which is captured 

instead by varying the skew in the file access frequencies. The skew can be varied by varying the 

parameter � c of the Zipf-like distribution of access frequencies for each client site c. 

We note further that while the distribution of file durations, { Ti, i = 1,…, n} , has an impact on 

the performance of a CDN design model or algorithm, there are potentially infinitely many such 

distributions to be explored. The principal impact of this distribution is to define the variation in 

space requirements among the files that have different access frequencies. In other words, the CDN 

performance may be impacted by whether the most popular files are smaller or larger than the files 

with intermediate or lower popularity. One might attempt to capture these effects, for example, by 

defining three classes of file length (e.g., “ small” , “medium” and “ large”) and by varying the 

relative popularity of each class. Even in this case, the number of parameters to be varied increases 

the complexity of exploring the design space considerably. In this thesis, with the purpose of 

gaining initial insights into various minimum cost CDN solutions, we make the simplifying 

assumption that all of the media files have same duration T, unless otherwise stated. Further 

refinement of these insights for varying file durations is left for future research.  

3.4.2 Relationships Among the Primary CDN Parameters  

In this section, we make the key observation that not all the primary parameters, identified in the 

previous section, need to be varied independently. For instance, the request arrival rates from each 
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client site c, � c, and the file duration T affect the required streaming bandwidth for the proxy server 

that handles those requests only by their product Nc = � c × T. As an example, if requests from a 

client site for a 30 minute video (i.e., T = 30 minutes) arrive at the rate of sixty per hour (i.e., � c = 

60 requests/hour), the placement and content of the proxies is the same as when requests for a 90 

minute video arrive at the rate of twenty per hour (if all other parameters are fixed). In both cases, 

Nc = 30. Therefore, to evaluate alternative CDN solutions, one needs to vary only Nc = � c × T, 

instead of � c and T. 

Similarly, the available proxy disk space Pspace_p and proxy disk bandwidth Pbw_p should not be 

varied independently as they are constrained by disk technology. For instance, one cannot have a 

CDN where Pspace_p = 100 GB and Pbw_p = 25 MB/s. Here, we make the assumption, carried out in 

the rest of this thesis, that the proxy server configuration is balanced for streaming and the 

available proxy disk bandwidth determines the proxy streaming Pbw_p. However, it may be replaced 

with the proxy i/o network bandwidth, if this happens to be the bottleneck.  

Realistic examples of the space and bandwidth available for two disk technologies are given in 

Table 2. For example, a Seagate Barracuda model ST15150W disk has a capacity of 4GB and a 

peak transfer rate that varies from 4.8 to 7.32 MB/s. In contrast, the Ultrastar 72ZX, a two-

generation more recent disk, released in early 2000, has roughly 18 times the capacity of the 

Barracuda and roughly 5 times more bandwidth [113]. These two disks illustrate how rapidly disk 

Table 2: Disk Bandwidth for  Particular  Disk Models 

Disk 
Disk Space 

(GB) 
File Streaming 

Rate 
Disk Space 

(hours of  video) 

Disk Bandwidth 
(# of concurrent 

streams) 
Seagate ST15150W 4 1.5 Mb/s 6.36 25 

Ultrastar 72ZX 73.4 1.5 Mb/s 116.76 108 
Ultrastar 72ZX 73.4 4 Mb/s 43.8 42 
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technology is evolving. More generally, disk capacity increases by 60% each year while transfer 

rate increases by only 40% a year [114]. These multiplicative factors indicate that as disk 

technology evolves, the ratio of bandwidth to storage space available at a server, which is the disk 

parameter that primarily impacts a CDN solution, decreases. Given the particular disks that are 

used in a server and the average file streaming rate r, the average number of concurrent streams 

each server disk can support is computed using the calculations in [108]. The results for such 

calculations for the two disk technologies are shown in Table 2. 

There is also no need to independently vary Pbw_p, the average streaming rate r, the product   

Nc = � c×T and the degree of skew in the file access probability distribution (i.e., the parameter � c). 

For instance, the CDN solution is the same whether Pbw_p = 8MB/s and r = 1.5 Mbps or Pbw_p = 

16MB/s and r = 3Mbps. Instead, the average streaming rate r can be defined as a unit (i.e., r = 1) 

and the proxy bandwidth (in units of the average streaming rate) can be expressed as a fraction B of 

the total number of streams needed for the delivery of all files, which depends on Nc  and � c, for all 

client sites c. In this case, alternative CDN solutions can be evaluated by varying only Nc and � c. 

Alternatively, for evaluating unicast caching strategies, the proxy bandwidth can be expressed as 

the fraction of the total number of streams needed to deliver the most popular files that fit in the 

proxy storage space, which depends not only on Nc and � c but also on the cache space. In this case, 

the proxy disk bandwidth is expressed as a fraction of the bandwidth required for delivering the 

optimal proxy content. The normalizations applied to proxy disk bandwidth for evaluating unicast 

and scalable CDNs solutions will be further discussed in chapters 5 and 6 of this thesis. 

3.4.3 Derived CDN Design Parameters 

Given the relationships among the primary parameters, described in the previous section, we 

identify a small set of derived parameters, which, together, capture the primary impact of the more 
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basic parameters. These derived parameters, given in Table 3, should be varied over a large range 

of values in order to evaluate the quality of alternative CDNs over a large design space. Note that 

Table 3 includes the cost ratios βp, primary parameters for determining the optimal server content 

for scalable CDNs that can be derived from the network topology and from the cost ratio γ. 

However, we point out that for evaluating server placement and routing solutions (in chapter 7), we 

will use the more basic parameters (i.e., the network topology and γ), instead of βp. 

 

 

 

 

System 
Parameters Definition 

Cp Proxy p cache size, as a fraction of the sum of all n media file sizes 

Bp 
Proxy p disk bandwidth, as a fraction of the bandwidth needed to deliver all 
files or the most popular files that can fit in the proxy storage space 

βp 
Ratio of the average cost of one proxy p stream to the average cost of one 
origin stream 

Workload 
Parameters Definition 

n Number of  media files (or objects) 

Nc Request arrival rate from client site c, in arrivals per T (Nc=λcT) 

θc Parameter of the Zipf-like distribution of file access probability for client site c 

 

Table 3: Der ived System and Workload Parameters 
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Chapter  4    

Analysis of Educational Media Server 
Workloads 

In spite of the growing popularity of streaming media files [2, 152], there are only a few recent 

attempts towards analyzing streaming media workloads [4, 42, 44, 78, 79, 103, 104, 109, 142], 

many of which are parallel to this thesis. However, most of them focus on a few characteristics 

and, thus, do not provide a very complete characterization.  Thus, there is a need for a more 

thorough characterization of media workloads to provide a better understanding of client load, 

which is important for designing efficient streaming CDNs and for driving the development of new 

streaming applications.   

This chapter presents a much more complete analysis of server log data for two streaming 

media servers delivering educational content in two major public universities in the United States. 

The goals of this study are (1) to provide data for creating synthetic client workloads and (2) to 

gain insights into the design of efficient CDNs. To gain insights into CDN design, we analyze a 

number of new measures, including (a) request rate as a function of time, (b) arrival process during 

periods of stable arrival rate, (c) changes in relative file popularity from day to day and from an 

hour to the next, (d) distribution of file access frequency during each day, (e) distribution of file 

segment access frequency and (f) the fraction of accesses to cold objects, i.e., objects that are 

accessed only very sporadically. We also provide example profiles of client interactive behavior 
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including the range of data (start and end positions in the file) retrieved by each client request, 

which can be used to generate realistic client interactive access models.  

Most previous workload characterizations analyze data collected over periods where the 

characteristic being analyzed is likely to change significantly. Such characterizations may result in 

misleading conclusions, as the distribution obtained is the result of a combination of several 

distributions. One key contribution of this work is to emphasize the importance of analyzing the 

time varying aspect of the workload by splitting the characterization process into two phases. We 

first identify the periods during which the aspect being analyzed remains approximately stationary 

and then we separately analyze the data collected for each such period.  This approach, pioneered 

in our recent paper [10] and followed in two recent studies [42, 142], allowed us to obtain 

meaningful distributions and gain insights into how characteristics such as request rate or relative 

file popularity change over time. 

The remainder of this chapter is organized as follows. Section 4.1 provides some background 

on the two media servers. Sections 4.2 and 4.3 analyze the general load and file access pattern on 

each server, respectively. Section 4.4 analyzes client interactivity, including session characteristics, 

and the server bandwidth savings from multicast delivery. Section 4.5 summarizes the main 

findings of this work.  Additional workload data is provided in appendix A. 

4.1 Server  Logs 

This section describes the two media servers considered. Both servers deliver educational content 

in two major public universities in the United States and contain higher quality videos than servers 

or client workloads previously analyzed [4, 44, 78, 79, 103, 109]. The tools used to analyze the 
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server logs include (a) a software2 that analyzes media server logs in either Real Server or 

Windows Media Server format by creating a common internal representation of the log fields and 

provides statistics on several aspects of the workload and (b) a set of scripts we created for 

extracting and analyzing specific aspects of the workload based on the log internal representation 

created by the software. 

4.1.1 The eTeach Server 

The eTeach server [64] was put into production in 2000 to deliver the content for a computer 

science undergraduate course (CS 310) at the University of Wisconsin-Madison with an enrollment 

of 280 students. There are no live lectures for that course. Instead, video lectures and laboratory 

demos are archived at the server and later viewed by the students. Thus, analysis of the eTeach data 

enables us to look at client requests for a particular course that is only available on the server.  

The eTeach videos are recorded in Windows Media Server [151] format. Students access the 

videos using a version of the Windows Media Player embedded in a customized web browser 

window. The browser displays the video stream in one frame, the outline for the lecture in another 

frame and the slides that go along with the lecture in a third frame.  When a client requests a video, 

the browser starts playing the beginning of it and displays the outline and the first slide. The 

eTeach interface allows clients to pause, resume and skip to markers in the video, corresponding to 

specific topics in the outline. Fast forwarding and rewinding were not provided by the interface by 

the time the logs were collected (Fall 2000 semester). However, they were available if the clients 

accessed the Windows Media Player directly. 

                                                   

2 The software was written by Jeffrey Krueger, an undergraduate student at University of Wisconsin-
Madison  
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 The eTeach server records a separate log entry for each interactive request, i.e., every time a 

client issues a request to start, pause, resume or skip to a marker, a new log entry for that request is 

created. Furthermore, it also explicitly registers the starting point, in the video, of each request.   

4.1.2 The BIBS Server 

The BIBS, Berkeley Internet Broadcasting System, server [23] has been in operation since January 

1998 and serves lectures for several courses across a number of different fields including art, 

biology, chemistry, computer science and electrical engineering. During the Spring 2000 period, 

covered by our logs, lectures from eleven different courses were available on the server.  Unlike 

the lectures in the eTeach system, the lectures available at the BIBS server are always provided live 

in the classroom first and made available online for students who missed them or who want to 

review the material. In a few cases, the lectures are also available live on the server.  

The BIBS lectures are encoded in Real Server format and are delivered live or on-demand 

using the BIBS RealServer G2 server [119]. Students view most of the lectures using an ordinary 

Real Player application, which provides pausing, resuming, fast-forwarding and rewinding but no 

markers to jump to. Unlike eTeach, BIBS records only one entry per session including all pauses, 

resumes, fast forwards and rewinds within the video. The duration and bytes of media sent to the 

client, registered in the log, includes all the media sent during the session and, thus, may not be a 

contiguous segment of video. Moreover, the start position of the session and information about 

each interactive request within a session are optionally recorded but are not present in our logs. 

Thus, BIBS data is analyzed for overall server load and file access characteristics. Client 

interactivity and file segment characteristics are analyzed only on eTeach.  
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4.2 Server  Load Character istics  

This section characterizes several aspects of the load on each server, including file sizes and bit 

rates (section 4.2.1), daily and hourly load variation (section 4.2.2), request arrival process (section 

4.2.3) and media delivered per session (section 4.2.3).  An overview of the logs and the overall 

load on each server during the time covered by the logs are shown in Table 4. The eTeach logs end 

the day after the first course exam and the BIBS logs end during the final exam week for the 

semester. For each server, a day is defined to begin at the hour that typically has the lightest load, 

i.e., 3am for eTeach and 7am for BIBS. 

4.2.1 File Characteristics 

The files stored at each server are grouped based on their sizes (in minutes).  Figure 2 shows the 

distribution of file sizes and the fraction of requests to each file size range on each server.  Most of 

the BIBS files are either small announcements (under 5 minutes), or approximately one-hour 

lectures. The  majority  (i.e., 70%)  of  the  requests  for  stored  content  are  for  the 50-55  minute 

Table 4: Summary of Character istics of Server Logs 

I tem BIBS eTeach 
Log Duration (days) 02/01/00 – 05/19/00 (109) 09/12/00 – 10/12/00 (31) 
Total Number of Stored Files Accessed 1350 files 73 files 
Number of Stored Files Accessed Only 
Once  

110 files 12 files 

Number of Requests for Stored (Live) 
Content 

66,694 sessions (22,411) 17,233 requests 

Number of Hours of Stored Content 
Delivered 

19,518 hours 475 hours 

Average (CoV) Number of Stored 
Requests Sent per Day   

606 sessions/day   (0.27) 538 requests/day (0.86) 

Average (CoV) Number of Stored 
Hours Sent per Day  177 hours/day   (0.61) 15 hours/day   (0.81) 

Average (CoV) Number of Stored 
Files Requested per Day 

157 files/day     (0.06) 19 files/day  (0.13) 
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lectures, similar to previously studied server workloads containing stored content from classroom 

lectures [78, 109] and internal meetings at a large corporation [42]. The eTeach server has a much 

higher variability in stored and requested file sizes. A large fraction (i.e., 40%) of the stored files is 

under 5 minutes, but there are also a significant number of files in each of the other categories.  The 

percentage of requests for each category is also very widely distributed. Such a high variability in 

the distribution of file sizes has been previously observed only in [42]. Nearly all videos requested 

on eTeach are  encoded  for 300  kbps.  For  BIBS, Figure 3  shows  that   the  vast  majority  of the 

Figure 2: Distr ibution of File Sizes 

a)   BIBS b)  eTeach 
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Figure 3: Distr ibution of Delivery Rate in BIBS 
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 requests and the media delivered are for videos encoded at 350-500 kbps. These delivery rates are 

considerably higher than the rates observed in previous streaming workload studies [4, 42, 44, 78, 

79, 109]. 

4.2.2 Daily and Hourly Server Load 

The daily load fluctuations for stored content on each server are shown in Figure 4. The curves 

have the bell shaped profile, also previously observed in [44, 78, 79, 104, 142], with peaks of 

activity during weekdays and lighter loads on the weekends, especially Saturdays.  Typically, BIBS 

has 500-800 sessions per day and 15-25 minutes of media delivered per session and eTeach has 
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Figure 4: Server Load per Day for Stored Content 
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500-1800 requests per day and a very short average stream duration of 1.5-2 minutes, reflecting a 

highly interactive client community. One measure that is very similar on both servers and do not 

vary much from day to day or hour to hour is the coefficient of variation in the number of minutes 

of media delivered per request or session (1.5-2.5). Figure 5 shows the daily and typically hourly 

number of request arrivals for live content at the BIBS server. The average number of concurrent 

viewers for live streams typically vary from 15-35. Request for live content are not analyzed 

further as this work focuses on characterizing access to stored content.  

Based on the daily usage statistics, representative days of high load activity are selected for 

more deep characterization. The selected days are shown in Table 5. Approximately ten other high 
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Table 5:  Selected High Load Days 

Server 
Maximum          
# requests 

Maximum              
# hours sent 

Maximum                             
# mins sent /                        
# requests 

Minimum                           
# mins sent  /                        

# requests 

eTeach 
October 10th   

(1812) 
September 27th      

(54 hours) 
September 15th                          

(2.3 minutes / request) 
October 3rd                            

(1.2 minutes / request) 

BIBS 
March  22nd  

(1540) 
March 23rd          
(755 hours) 

May 14th                           
(30 minutes / session) 

February 2nd                           
(7.6 minutes / session) 
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load days are also used in the analysis provided in this chapter. Figure 6 shows a typical profile of 

request (or session) arrivals per hour during one of these days for stored content at each server. 

Profiles like these are created for many different days in order to find periods when the arrival rate 

is approximately stationary. Examples of such periods are from 11am to 6pm on March 22nd in 

BIBS (Figure 6(a)) and from 11am to 7pm on September 27th, in eTeach (Figure 6(b)). These 

periods are used in the next section for the characterization of request (or session) inter-arrival 

times.  Profiles like the one in Figure 6 are also useful to determine how frequently request rate 

changes over time, which is important to determine how frequently to update a CDN configuration. 

In both servers, we found a number of long periods of request rate stability with duration from 7 to 

10 hours, but we also found some relatively short periods of rate stability (e.g., a couple of hours) 

4.2.3 Request Inter-arrival Times 

For all periods of stationary overall request arrival rate identified on each server as well as for each 

file that had a sufficient number of requests during the period, the method of moments is used to fit 

exponential, gamma, Weibull and Pareto distributions to determine the distribution of time between 
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requests. Examples of fitted curves are shown in Figure 7. Like other types of web workloads [18, 

112, 150], the time between session arrivals in BIBS is best modeled by an exponential 

distribution. On the other hand, in eTeach, the time between request arrivals usually has a heavier 

tailed distribution, better modeled with a Pareto distribution with shape parameter α varying from 

1.02 to 1.98 and from 0.92 to 1.49 for the distributions of overall and per-file inter-arrival times, 

respectively. The probability density function of a Pareto distribution for a variable X is given by 

f(x) = � k
�
/x(� +1),  where �  is the shape paramenter and k is the smallest value for X.  

The range of the means and coefficient of variation (CV) for the inter-arrival times, overall 

and per file, for each server are shown in Table 6. Note that although the distribution of inter-

Table 6: Distr ibution of Inter-Arr ival Times 

Overall Per File 

Mean (seconds), CV   Mean (seconds), CV  
Server 

 

Most 
Observed 

Distr ibution 
Min  

Mean, CV 
Max 

Mean, CV 

Most 
Observed 

Distr ibution 
Min 

Mean, CV 
Max 

Mean, CV 
BIBS Exponential 33, 0.87 104, 1.05 Exponential 183, 0.99 516, 1.28 

eTeach Pareto 43, 0.98 68, 1.82 Pareto 57, 0.97 351, 2.4 
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arrival times for requests in eTeach is better modeled with a Pareto distribution, the coefficient of 

variations of the distributions observed are much higher than the coefficient of variation of a 

Poisson distribution (i.e., CV = 1). In fact, the average coefficient of variations over all days 

analyzed, for the overall and per-file distribution of inter-arrival times in eTeach, is on average 

only 1.35. This result implies that the assumption of Poisson request arrivals may not be too 

innacurate for eTeach request arrivals. 

To our knowledge, such distribution has only been successfully characterized in one previous 

work [103] and one subsequent work [142]. The attempt to characterize inter-arrival times in [4] 

resulted in no clear indication of a distribution, but the authors analyze data collected over six 

months with no attempt to break it into periods of stationary arrival rate.  Our results are consistent 

with a previous characterization of real audio traffic emanating from a popular Internet audio 

service [103].  On the other hand, both session and request inter-arrival times to a live popular 

“ reality TV show” are found to be exponentially distributed in [142]. 

4.2.4 Media Delivered per Session 

A significant fraction of requests on both servers has very short duration, as also observed in other 

recent studies [4, 42, 44, 78, 79, 104, 109]. In fact, 80-90% of the eTeach daily interactive requests 

and 30-70% of the BIBS daily sessions request less than 3 minutes of media. This section 

characterizes the media delivered per session on the BIBS server. Interactive requests and sessions 

in eTeach are analyzed in section 4.4. 

As illustrated in Figure 6(a), the media delivered per session fluctuates along the day. In order 

to characterize the distribution of media delivered per session, which may depend on the duration 

of the requested file, we have identified several periods of approximately stationary average 
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number of minutes per session for each of the most popular file length classes, i.e., 0-5 and 50-55 

minute files. The measured distribution in each such period is fitted against several distributions, as 

illustrated in Figure 8. Table 7 summarizes the distribution that provides the best fit for each class 

of file sizes. Not surprisingly, the distribution does depend on the file size. For short videos, a 

single distribution, most commonly lognormal is the best fit for the data. For long videos, a hybrid 

distribution, which combines a gamma distribution for the body of the curve and Pareto for the tail, 

has a better fit. Table 7 also provides other distributions that were observed for each file length 

class, as well as a summary of the observed minimum and maximum means, and minimum and 

maximum coefficient of variations (CV), of the distributions that occurred during the periods of 

stationary media delivered per session for each file length range. During other periods, the average 

Table 7: Distr ibution of Media Delivered per Session in BIBS 

Distr ibution Mean (minutes), CV   File Size 
(mins) Most Observed Other Min Mean,  CV Max Mean, CV 

0-5 Lognormal Exponential 0.74, 1.1 1.5, 1.64 
50-55 Gamma + Pareto Gamma + Lognormal 20, 1.13 26, 2.35 
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number of minutes of media delivered per session was typically in the range of 0.5 to 2.5 for videos 

under five minutes and 10 to 30 minutes for the 50-55 minute videos. 

Our results are consistent with previous works that show that the distribution of media 

delivered per session is heavy tailed [44, 103]. This distribution was characterized as either gamma 

or lognormal for sessions to 70 minute long lectures in the MANIC system [109] and as lognormal 

for sessions delivering live content from a reality show [142].  

4.3 File Access Character istics 

To the best of our knowledge, previous attempts towards analyzing file access patterns in streaming 

media workloads focus mainly on the distribution of file access frequency. We provide a much 

more complete characterization, including daily and hourly variations in relative file access 

frequency, file and file segment access frequencies and temporal distribution of accesses to 

infrequently requested files and segments to provide insights into the design of efficient media 

caching strategies. Some of the unique aspects analyzed in this work are also analyzed in a more 

recent work [42].   

We also analyzed temporal locality in the client requests for files (BIBS and eTeach) and file 

segments (eTeach) using the distribution of stack distances [131], which measures the number of 

intervening references between references to the same file. This method has been used to 

characterize the temporal locality for traditional web workloads [12, 17, 22, 48, 86] and for a media 

workload [4].  We found that temporal locality seems to vary significantly across different days on 

each server. Results for the temporal locality in the accesses to file segments in eTeach are shown 

in appendix A. 
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4.3.1 Daily and Hourly Shifts in File Popularity 

Both the eTeach and BIBS logs used in this study span a reasonably long period of time (one-three 

months), during which file access frequency may change significantly. This section analyzes how 

relative file popularity changes over time by considering the plots of daily and hourly access 

frequency rank of various files over many different periods for each server.   

For each BIBS and eTeach file that has the highest number of requests on a given day, Figures 

9(a) and 9(b) plot the ranking of that file on each subsequent day. These plots illustrate that, 

typically, the relative popularity of each file fluctuates greatly from day to day (especially in BIBS) 

and in different ways for different files. In eTeach, the most popular file tends to remain in the 

same rank for roughly one week, and then it has lower popularity until a few days before the exam 

on October 12th.  

Figure 10(a) shows that relative file popularity changes significantly also during a single day, 

on a per hour basis on the BIBS server.  During the days before the course exam, when students are 

probably reviewing  all  the  material  offered  previously  in  the  semester,  file  popularity  on  the 

Figure 9:  Example Daily Evolution of File Popular ity 
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eTeach server fluctuates hourly almost as much as shown for the BIBS server, as shown in Figure 

10(b). On other days, a particular file, probably the most recent lecture, remains the highest ranked 

file over most hours in the day (as shown in appendix A). Further examples of hourly evolution of 

relative file popularity in eTeach and in BIBS are shown in appendix A 

These results suggest that a CDN configuration (e.g. server content) may need to be updated to 

reflect the variations on file popularity. A topic for future research suggested by this data and 

relevant to CDN design is whether analysis of historical information on the variations of access 

frequency during a day for a given file might be used to accurately predict the variation on its 

access frequency on the following day. This data also suggests that static broadcast of popular files 

[83] may not work well in these environments.   

4.3.2 Distr ibution of File Access Frequency 

The distribution of file access frequency should be analyzed over periods when it is roughly stable. 

However, since file popularity fluctuates from day to day and from hour to hour, only a few such 

periods are found on either server over all the days analyzed. Therefore, in addition to 

characterizing the distribution of file access frequencies during each such  period,  the  distributions 

b) eTeach, October 10th   
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for many individual days are also analyzed, recognizing that further research is needed to 

characterize how the file accesses are distributed throughout the day. We chose to analyze file 

access frequency per day because for shorter periods, the number of accesses per file in either 

server is too small to guarantee statistical meaning of the distribution. In order to facilitate the 

generation of synthetic workload, file access frequency is also analyzed separately for each popular 

file size range on each server.   

Figure 11 shows the log-log plot of the number of accesses versus file rank for the files of a 

specific duration accessed during a day on BIBS and eTeach servers. Figure 11(a) shows that the 

curve is approximately linear for the first thirteen files and it is also approximately linear (with a 

different slope) for the remaining files. Similarly, the curve in Figure 11(b) has also two distinct 

linear regions. Note that a straight line on a log-log plot of the number of accesses versus file rank 

indicates a Zipf-like distribution for the access frequency. In general, for all the days and periods of 

table file popularity analyzed, the distribution of access frequencies in the log-log plot has two 

distinct approximately linear regions.  The two linear regions are less well defined for eTeach, 

perhaps due to the smaller number of unique files  accessed per day.  Therefore, the  distribution  of  

a)   BIBS, May 9th, File Size: 50-55 mins b)   eTeach, September 27th,File Size: 0-5 mins 

Figure 11:  Observed Distr ibutions of File Access Frequencies (log-log plots) 
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access frequencies to all media files on both servers or to files of a given duration can be very 

accurately approximated by the concatenation of two Zipf-like distributions3, one for each linear 

region, as illustrated in Figure 12. The number of files, the total access probability and the Zipf 

parameter θ in each region depend on the period analyzed and on the file size. Typical values for 

these parameters observed in the workloads are provided in appendix A. 

This contrasts with previous characterizations of access frequencies for Web documents [12, 

22, 25], videos at a video rental store [52] and other streaming workloads [42, 44, 142], which 

model file access frequencies using only one Zipf distribution. However, some of these works 

ignore some of the most accessed files, over which the slope of the curve is flatter in the log-log 

plot [25, 42]. The workload analyzed in [25] includes millions of web documents and the top 

hundred files ignored correspond to only a tiny fraction of all files.  On the other hand, the analysis 

                                                   

3 Recall that, in a Zipf-like distribution, Prob(access file i) = C/iθ, where θ > 0. 

b) eTeach 
(October 11th, 0am-11pm, File Size: 0-5min) 

Figure 12:  Example Distr ibutions of File Access Frequencies 
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in [42] includes a number of files in the order of hundreds. In that case, by ignoring the 10-20 most 

frequently requested files, the authors may have ignored a significant portion of the actual 

distribution. Given the relatively small number of files accessed on each day on BIBS and eTeach, 

we do not ignore any file and model file access frequencies using two Zipf-like distributions. 

4.3.3 Segment Access Frequency Distr ibution 

Given that most requests in eTeach and sessions in BIBS are for only a small amount of media (as 

discussed in section 4.2.4), the next step towards a thorough characterization of file access 

frequency is to analyze the accesses to different segments of the same file. In addition to providing 

basis for generating more realistic synthetic workloads, this analysis also provides insights into the 

design of file caching strategies. As noted in section 4.1.2, information on per-segment file access 

is not available on the BIBS logs used in this work. Thus, this section analyzes file segment access 

frequency only in eTeach. 

Figure 13 shows the observed number of accesses to each ten-second segment of three 

different files, with different relative file access frequencies, on a given day in eTeach. One 

interesting result, illustrated in Figures 13(a) and 13(b) is that the distribution of access frequency 

is roughly uniform for all segments of the eTeach media files with moderately to high relative 

a)   Most Accessed File c)  6th Most Accessed File b)  4th Most Accessed File 

Figure 13: Example Distr ibutions of Accesses to 10-Second File Segments in eTeach 
(September 27th) 
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access frequency, in spite of the large fraction of requests of very short duration. On the other hand, 

for the media files that have the lowest access frequency (e.g., below the median for each day 

analyzed), the distribution of segment access frequency is skewed towards the earlier segments, as 

illustrated in Figure 13(c). The distributions of file segment access frequency for files accessed on 

other days in eTeach are shown in appendix A. The overall same conclusions were observed for all 

days analyzed, with the skew of the distribution for less frequently accessed files varying 

depending on the day analyzed. 

To the best of our knowledge, this is the only work that analyzes segment access frequency. 

One key question is whether our conclusions hold for other media servers. One important 

implication from these observations is that it might not be necessary to keep information on the 

access frequency of each file segment, separately. In practice, one could measure the access 

frequency for only few segments and then fit a curve to estimate the skew of the distribution, if 

there is one. Furthermore, though most individual client requests are for only small amount of 

media, for unicast CDNs, it might be more cost-effective to fully cache the most accessed files, 

instead of independently caching different file segments.  

4.3.4 Fraction of Accesses to Cold Objects 

One consequence of the Zipf-like distribution of file access frequency is the large number of files 

that are requested only a few times. In fact, for the one-week long workload analyzed in [44], 78% 

of the media objects are requested only once during the week. For the workloads of the two HP 

servers analyzed in [42], on average 18% of the files are accessed only once during 1.75-2.5 years. 

Despite the large fraction of files that are requested only a few times, many previously proposed 

caching strategies cache an object when it is requested even without any prior knowledge of its 

access frequency. Whereas caching small unpopular web files should not affect the performance 
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significantly, caching large and bandwidth intensive media objects that are accessed only 

sporadically, may incur significant write overhead if the object is not accessed at least once before 

it is evicted from the cache. This section provides some insight into whether this is likely to be an 

issue in the interactive media servers studied.   

For the following analysis, new media files (or new media segments) accessed in a given hour 

are defined to be the files (or file segments) that were not accessed in the previous h hours, where  

h = 1, 2, 4 or 8. Those files are not likely to be in the cache by the time they are requested. Figure 

14(a) shows for every hour of a given day on the BIBS server, the number of new files accessed 

and the number of new files accessed only once during that hour, where a new file is defined for     

h = 4.  The fraction of new files that are accessed only once is very high (70−100%). Furthermore, 

Figure 14(b) shows, for the new files that are accessed only once, the distribution of time until the 

next access. A significant fraction (i.e., 70%) of these files is not accessed again within the next 8 

hours. Similar results are obtained for h = 1, 2, 4 and 8, and for every day analyzed on both servers, 

as summarized in Table 8 for the BIBS server (similar data for eTeach is shown in appendix A). 

Table 9 shows that the  same  conclusion  holds  for  accesses  to  one-minute  segments  within  the 
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videos on the eTeach server. These results indicate that caching a media object with no information 

about its popularity may not be a good strategy as it reduces the bandwidth available to deliver files 

to clients with little benefit in many cases. This motivates the development of more efficient 

caching strategies for media files.   

To the best of our knowledge, no previous characterization of streaming workload has 

addressed this issue.  On the other hand, more recently, Cherkasova et al built on our work and 

found that the number of sessions to new files and the number of bytes of new files delivered by 

Table 9: Summary of Accesses to New Media Segments in eTeach 

Time Until Next Access 
Day h 

Median  
# new 

Average # new 
accessed once / # new %   >  4 hr %  >  8 hr %   > 16 hr %   >  32 hr 

2 10 0.82 75 66 66 59 
9/15 

8 4 0.82 72 71 71 63 
2 10 0.81 69 68 62 60 

9/27 
8 8 0.78 80 78 67 64 
2 2 0.70 83 83 79 56 

10/3 
8 2 0.87 84 84 79 57 

2 12 0.62 58 53 53 52 
10/10 

8 5 0.7 64 55 55 54 
 

Time Until Next Access 
Day h 

Median  
# new 

Average # new 
accessed once / # new %   >  4 hr %  >  8 hr %   > 16 hr %   >  32 hr 

2 5 0.70 62 54 48 38 
2/2 

8 5 0.67 71 64 58 51 
2 10 0.78 71 59 50 40 

3/22 
8 6 0.81 84 72 67 61 
2 8 0.70 73 64 54 44 

3/23 
8 4 0.79 82 76 68 57 

2 14 0.81 65 54 39 26 
5/14 

8 10 0.84 74 64 49 34 
 

Table 8: Summary of Accesses to New Media Files in BIBS 



 

 

80

the HP servers represent a very significant portion of all accesses or bytes delivered [42]. This is in 

contrast with traditional web workload, where only about 2% of the requests are for newly created 

content [43].  

4.4 Client Interactivity 

This section provides an analysis of client interactivity in eTeach, where up to 90% of the requests 

received each day are for fewer than three minutes of video. This analysis provides a set of profiles 

of client interactive access pattern (section 4.4.2), an evaluation of the performance of multicast 

streaming protocols in the interactive eTeach environment (section 4.4.3) and a session model for 

generating synthetic workloads (section 4.4.4). 

4.4.1 Client Interactive Access Patterns 

This section shows profiles of the client behavior in the eTeach server. These profiles provide 

useful information for future development of more accurate client interactive access models, 

efficient prefetching strategies and delivery protocols. In particular, data derived from these 

profiles is used in the next section to analyze the efficiency of multicast streaming in the eTeach 

environment and is used in [135] to develop models for client interactivity.   

 Profiles of the client requests for the most requested file on two given days and for the 3rd 

most requested file on another day are shown in Figure 15. The plots show the start position and 

the end position of each request for the file, ordered by increasing start position. For a given point 

in the x-axis, the difference between the two curves is equal to the number of minutes of media 

delivered. Requests that have the same start position are ordered in increasing duration. The figures 

illustrate three different patterns of client accesses. In Figure 15(a), there are requests starting at 

many different arbitrary positions in the file. We conjecture  that  this is  a  consequence  of  clients 
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pausing and resuming the playback, probably to take notes, as there are no classroom lectures.  In 

Figure 15(b) there are more clear flat regions in the start curve, which probably correspond to 

markers in the lecture the students jump to. Furthermore, perhaps these flat regions reflect that, 

towards the end of the semester (October 10th), the students are using the markers more often as 

they become more familiar with the content of the video.  It is also interesting that in both Figures 

15(a) and 15(b), for any start position, there is at least a small fraction of the requests for the rest of 

the file.  Furthermore, though most of the requests are for small portions of the video, there is also 

a non-negligible fraction of the requests that retrieve the whole file. In Figure 15(c), most of the 

requests are for the whole file. This access pattern was observed, in many days, for very small files 

such as the one in Figure 15(c), which is approximate 1 minute long.   

4.4.2 Multicast Delivery 

Multicast streaming protocols, such as Bandwidth Skimming [61, 62] has been previously 

evaluated assuming clients request the whole file. The performance of such protocols in the 

presence of client interactivity is not known. In particular, whether partial accesses significantly 

0

5

10

15

20

25

1 108215 322429536643
Request

P
os

it
io

n 
in

 t
he

 f
ile

 
(m

in
ut

es
)

Start 

End 

a) Most Popular File on 
September 27th 

b)  Most Popular File on 
October 10th 

Figure 15:  Interactive Client Requests in eTeach 

0

5

10

15

1 42 83 124 165 206 247
Request

P
os

it
io

n 
in

 th
e 

fi
le

 
(m

in
ut

es
)

Start 

End 

0

0.4

0.8

1.2

1 6 11 16 21 26 31
Request

P
os

it
io

n 
in

 t
he

 f
ile

 
(m

in
ut

es
) 

Start

End

 
c)  3rd Most Popular File on 

October 3rd  



 

 

82

limit the potential for streaming merging and thus the efficiency of multicast streaming is still an 

open question.  

To quantify the server bandwidth savings from using multicast delivery in eTeach, Closest 

Target, a variation of the Bandwidth Skimming protocol [61, 62], is simulated using client traces 

collected during periods of stationary total request rate, varying from 10 to 70 requests per hour. 

Table 10 compares the average number of concurrent streams that the server must support to 

deliver the most requested files during each such period for unicast and multicast delivery. The 

results show that, despite the bandwidth savings from multicast vary significantly with the period 

and the file. However, the bandwidth savings for the traces analyzed can be up to 30%  

To better understand why the bandwidth savings from multicast are relatively modest, Figure 

16 shows the client requests for the most requested file on a day (September 27th) in eTeach. The 

start and end positions of each request are plotted in chronological order, i.e., the requests are 

sorted by their arrival times. The x-axis represents time and y-axis the position in the file, each 

measured in minutes. Each line, connected by two points, corresponds to one request: the x and y 

values of the lower point represent, respectively, the time when the request arrived and the start 

position into the file; the x and y values of the upper point represent the time when the request was 

Table 10: Server Load Reduction from Multicast Delivery in eTeach 

Average Number of Concurrent Streams 
Period File Rank 

Unicast Multicast Savings 

Sep 27th  10PM-11PM 1 3.28 2.43 26% 
Sep 27th  11PM 1 2.83 2.02 29% 

Sep 27th  10AM-11AM 1 1.73 1.27 26% 
Oct 3rd   3PM-4PM 2 0.69 0.59 14% 

Oct 10th   10AM-12PM 1 1.48 1.21 18% 
Oct 10th  12PM 1 1.74 1.33 23% 

Oct 10th   8PM-9PM 5 0.42 0.48 13% 
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completed and the end position in the file. For the sake of clarity, Figure 16 shows only a snapshot 

of a period of 2 hours during the day.  Despite the presence of a few long requests and some bursty 

arrivals, most of the consecutive requests are small and do not overlap, which limits the protocol 

merging efficiency. In a parallel work, Chesire et al show that, for a workload with a large fraction 

of short streams, two overlapped requests for the same file tend to have a high fraction of overlap 

[44]. However, since only overlapping requests are considered, it is not clear whether the 

bandwidth savings from multicast would be significantly different for their workload. 

Note that further bandwidth savings might be expected for higher client loads. In fact, Tan et 

al recently developed tight lower bounds on the server bandwidth requirements for interactive 

workloads and showed that, in the worst case, it increases with the square root of client request rate 

[135].  Furthermore, bandwidth savings could be improved if, instead of interrupting transmission 

at each client pause request, the server would continue delivering the content, at least for a certain 

threshold period. This content could be buffered at the client, or at a proxy server closer to the 

Figure 16:  Snapshot of Client Request Arr ivals to Most Popular File (eTeach, Sept. 27th) 
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client. If the client resumes transmission at the same point in the video, a short time later, the 

content would be found locally.  

4.4.3 Session Characteristics 

Client sessions, consisting of alternating media ON and OFF times for a given client accessing a 

given video, are not identified in eTeach. In order to identify boundaries between the eTeach client 

sessions, and ultimately be able to develop a session model, we first analyzed the distribution of 

OFF times.  In simulated sessions, the inter-session OFF times usually has a very distinct 

distribution from the intra-session OFF times, which becomes clear when the overall distribution of 

OFF times is analyzed. However, for eTeach, no clear peak in the distribution of OFF times was 

observed in any of many periods analyzed. Thus, we found no indication of how to identify client 

sessions. The only insight obtained is that OFF times are heavily skewed, with typically 90% of 

OFF times less than 4 minutes and a few OFF times between 4 and 20 minutes.  

For the analysis in this section, we define a session to be a sequence of requests from the same 

IP address (same client) to the same file such that each OFF time is not greater than 20 minutes.  

Similar results are obtained for a threshold of 4 minutes.  Given this definition of a client session, 

this section provides the last component of our workload characterization, a session model, which 

includes the distribution of session inter-arrival times, the average number of interactive requests 

per session, the frequency of each interactive request type (e.g., pause, resume, jump forward, etc) 

and the distribution of ON and OFF times in the session. Unlike some previous characterizations of 

interactive media requests [78, 79, 109], these characteristics are analyzed for different days and 

for each file that had more than 20 sessions during the given day.   
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Recall that the eTeach interface available at the time of this study provides only pause, resume 

and jump into specific points in the video. Fast forwarding and rewinding are not directly provided 

by the interface, though they are available in the Windows Media Player interface. However, less 

than 0.5% of the interactive requests recorded in our logs are for fast-forwards and rewinds. Table 

11 shows, for each other type of interactive request, the range of frequency typically observed over 

all sessions for a given file in a given file size range, as well as the minimum and maximum 

observed frequency if outside the typical range.  As in [79], the average number of interactions per 

session increases somewhat with the file size. Although the average varies from day to day, it is 

always below 10 interactive requests per session, similar to the workload in [79], where 83% of the 

sessions have four or fewer interactions.  For short videos, jump backward is the most common 

client interaction. As the file size increases, pauses become more common and, as the workload 

analyzed in [78], the fractions of jump forward and jump backward are approximately the same. In 

contrast, in the workload analyzed in [109], jump forward is the most common client interaction.  

The distributions of session ON times depend on the file size. The best models are shown in 

Table 12. It is most commonly characterized as exponential with mean less than 1 minute for short 

videos (less than 5 minute long) and become heavier tailed as the duration of the video increases.  

OFF times have similar distributions, summarized in Table 13, with exponential (and sometimes 

Table 11:  Summary of Interactive Requests per Session per File in eTeach 

File 
Size 
(min) 

# 
Sessions 

Avg # Interactive 
Requests / Session 
(min, typical, max) 

%  Pause           
(min, typical, 

max) 

%   Jump Forward 
(min, typical, max) 

%   Jump Back 
(min, typical, 

max) 
0-5 992 0.35, 0.6-1.0, 1.8 5, 14-30, 55  0-3.5, 35 29, 45-95 
5-15 449 1-3, 5.5 30, 40-55,70 12, 20-35, 50 11, 20-35 

15-25 517 3-6 35-50, 60 15, 20-35, 45 20-35 
30-35 411 2.5,4-5, 9 30-40 & 60-75 10-20 & 40-50 15-30 
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Pareto) for small files and Pareto, lognormal or Weibull for larger files. Similar distributions for 

ON and OFF times were observed for the workloads in [109, 142]. 

In eTeach, the number of sessions for each file during any period of stationary client arrival 

rate is not sufficiently large to determine the distribution of inter-session times for each file, even 

for the most requested files on the high load days.  Thus, curve fitting is used to analyze eTeach 

inter-session times for all sessions, during periods of stable session arrival rate. An example is 

shown in Figure 17. Unlike the Poisson session arrival process in BIBS and other workloads, the 

distribution of session arrivals at eTeach observed over different periods is heavier tailed with 

mean µ varying from 1.43 to 5.9 minutes and coefficient of variation CV varying from 1.16 to 

1.48. We found that a good fit for the distribution of our data is either a Weibull distribution or a 

combination of Weibull for the body and Pareto for the tail. However, given that the coefficient of 

variation of the distributions is not much higher than 1, the assumption of Poisson arrivals used for 

the development of the CDN design techniques in this thesis may not be too inaccurate for eTeach 

sessions.  

Table 13:  Distr ibution of OFF Times per File in eTeach 

Mean (minutes), CV  File Size 
(min) 

Most Observed 
Distr ibutions Min   Mean, CV Max   Mean,  CV 

0-5  Pareto, Exponential 0.46, 0.89 1.0, 1.83 
5-35 Pareto,  Lognormal, Weibull 0.43, 2.05 2.1, 2.76 

 

Table 12:  Distr ibution of ON Times per File in eTeach 

Distr ibution Mean (minutes), CV File Size 
(min) Most Observed Other Min  Mean, CV Max   Mean, CV 
0-5  Exponential Pareto 0.36, 0.4 0.87, 1.01 

5-35 Pareto, Weibull Lognormal, Gamma+Pareto 0.9, 1.03 3.7, 2.12 
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4.5 Summary of the Chapter  

This chapter provided a thorough characterization of two educational streaming media servers with 

particular emphasis on meaningful statistics.  New aspects of the workload characterization 

include: (a) analysis of four types of high load days, (b) request rate as a function of time, (c) 

distribution of overall and per-file request inter-arrival times during periods of stationary arrival 

rate, (d) changes in relative file popularity from day to day and from hour to hour, (e) distribution 

of file access frequency during each day, (f) distribution of file segment access frequency for files 

with different popularity rank, (g) fraction of accesses to cold files and cold file segments and (h)  

distribution for media delivered per request during periods of stationary average media delivered 

per request. We also analyzed session characteristics including arrival process, media ON and OFF 

times and fraction of each type of interactive request.   

We found a high degree of similarity in the measures that could be analyzed for both servers. 

In particular, file access frequency per day (or during periods of approximate stable file popularity) 

at  both  servers  can  be  modeled  by  the  concatenation  of  two  Zipf-like  distributions,  and  the 

distribution of media delivered per session (or per request) depends on the file size and is heavier 

tailed for longer files. Furthermore, a large fraction of eTeach requests as well as BIBS sessions 
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have short duration. The only characteristic measured in both servers for which different models 

were found is the distribution of inter-arrival between sessions during periods of approximate 

stationary session arrival rate. The distribution that best fits the BIBS data is exponential, but the 

eTeach distribution is heavier tailed. We note, however, that new session requests are not explicitly 

identified in the eTeach log. Thus, session arrivals were identified heuristically for our analysis. 

The distribution of time between interactive requests within  eTeach sessions is heavy tailed. Table 

14 summarizes the most observed distributions for each characteristic analyzed in this chapter. 

We found for both server workloads that, although arrival rates tend to be stable for long 

periods, relative file popularity changes significantly from day to day and from hour to hour, 

especially for BIBS. The implication of this fact for CDN design is that the system configuration 

(e.g. server content and routing) may need to be updated in response to those changes. The 

frequency of updates should be based on the cost of modifying the configuration to reflect the 

changes in the workload compared to the cost increase if the CDN configuration is not changed.  

On both servers, a significant fraction (e.g., 50%) of new content (files or file segments) 

accessed each hour is not accessed again for four or more hours, which implies that caching content 

with no prior knowledge of its access rate may result in significant wasted disk i/o bandwidth and, 

consequently, in poor cache performance.  

In eTeach, the frequency of accesses to each ten-second file segment is approximately uniform 

for the most frequently accessed files, and is skewed towards earlier segments for less frequently 

accessed files during each day. This is true for the files accessed on each day analyzed.  The 

implications of these results are (a) measuring access frequency for only a few segments (instead of 

for every segment) may be enough to determine which segments to cache and (b) for unicast 

CDNs, full file caching of the most popular files might be the best strategy. 
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Our analysis also provides example profiles of client interactive behavior, which can be used 

for creating more realistic client interactive access models.  

Finally, we found that despite the large number of interactive requests to very short segments 

(average stream duration of 1.5–2 minutes), the bandwidth savings from multicast delivery of the 

three most popular files on several days in eTeach can be up to 30%. 

Table 14: Summary of Workload Character ization 

Workload Character istic Most Observed Distr ibution 
Inter-arrival Times                       

(overall and per file, during periods of 
stationary arrival rate) 

BIBS (sessions)                                Poisson         
eTeach ( interactive requests)           Pareto   
 

File Lengths  
(% of requests to each  file duration) 

BIBS                              13%  to 0 – 5 mins  
                                       67%  to 50 – 55 mins           
                            
eTeach                            27% to 0 – 5 mins 
                                       35% to 5 – 20 mins 
                                       35% to 20 – 35 mins 
                                       3%   to 35 – 55 mins 

File Access Frequency (per day) 
(BIBS and eTeach) 

Concatenation of two Zipf-like distributions  

File Segment Access Frequency 
(eTeach) 

Most Frequently Accessed Files    Uniform 
Least Frequently Accessed Files    Skewed towards        
                                                        earlier blocks 

Media ON Times within Session 
(eTeach) 

File Length < 5 min        Exponential 
Larger File Lengths         Weibull or Pareto 

Media OFF Times within Session 
(eTeach) 

File Length < 5 min         Exponential or Pareto  
Larger File Lengths         Weibull / Pareto / Lognormal 

Media Delivered Per Session  
(BIBS)  

File Length < 5 min         Lognormal 
Larger File Lengths         Gamma+Pareto 

Average Number of Interactive 
Requests Per Session  

(eTeach) 

File Length < 5 min         0.6 – 1  
Larger File lengths           3 – 6  

Most Common Client Interactions 
(eTeach) 

File Length < 5 min          jump backwards (45 – 95%) 
                                          pause (14 – 30%) 
 
Larger File Lengths          pause (40 – 75%) 
                                          % jump backwards ≈                      
                                          % jump forwards     
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Chapter  5  

Caching Policies for Unicast Streaming 
CDNs 

In the context of unicast delivery, server placement, server selection and routing for both web and 

streaming CDNs have been fairly explored by other parallel work [13, 14, 15, 36, 71, 75, 85, 93, 

96, 110, 115, 116].  Open issues in caching for unicast streaming are explored in this chapter. One 

main goal of this thesis is to determine whether the Resource Based Caching (RBC) algorithm 

[137, 138, 139], the best previously known caching policy, outperforms a much simpler rate driven 

caching policy (that will be called Currently Most Popular, or CMP), which stores in the cache 

only the files that have the highest measured access frequencies and thus minimizes the total 

delivery cost, with the possible exception of adding interval caching [51], which may further 

improve the performance. We also propose and evaluate two other new caching policies, Pooled 

RBC and CMP/IC, based on improvements to the basic RBC and CMP policies. By comparing the 

performance of these policies, we evaluate whether the delivery cost of streaming CDNs can be 

significantly reduced if the proxy servers store, in addition to full objects, intervals of data for the 

currently active requests. 

Previously reported results seemed to indicate that RBCis a very promising caching policy. It 

combines full file caching with interval caching and was shown to outperform the simpler Least 

Frequently Used (LFU) policy over all experiments considered in [138]. Rejaie et al even 
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suggested future extensions of RBC for caching of multi-layered objects [122]. However, the 

design space explored by the experiments in [138] is very narrow, and we have verified that some 

of the reported results are incongruous, as discussed later in the chapter. These observations 

motivate a reevaluation of the performance of RBC 

The remainder of this chapter is organized as follows. Section 5.1 describes the interval 

caching and RBC policies. Section 5.2 describes the newly proposed caching strategies as well as 

improvements on the basic RBC. Section 5.3 reviews the evaluation methodology. The main 

performance results as well as a discussion on the effectiveness of interval caching are provided in 

sections 5.4 and 5.5, respectively. Section 5.6 summarizes the chapter. 

5.1 Descr iption of Interval Caching and Resource Based Caching 

This section describes Interval Caching (section 5.1.1) and Resource Based Caching (RBC) 

(section 5.1.2), two previously proposed caching strategies that are further evaluated in this 

chapter. 

5.1.1 Interval Caching (IC) 

Interval caching [51] was proposed in order to satisfy multiple client requests that arrive close in 

time, by caching in main memory intervals of streaming media file data. Intervals exploit temporal 

locality and the sequential access pattern of streaming objects to use the limited cache space to 

store data that is guaranteed to be needed soon in the future at the possible expense of high cache 

read and write bandwidth  requirements. It works as follows:  if  two client requests for file f  arrive 

close together in time, the data delivered to the first client may be retained in memory until it is 

delivered to the second client. After this time, the buffer used to hold the data in memory is 

released and reassigned to a future block. The two requests form an interval, with  the  first  request  
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called the writer and the second request called the reader. Figure 18 illustrates this relationship: the 

interval i consists of the pair [S1, S2]. S1 is the writer stream, which retrieves data blocks from the 

origin server and stores it in the memory cache, at the proxy server. S2 is the reader stream, which 

reads the blocks from the cache and releases the buffer. The interval is created when S2 arrives, δ  

minutes after S1. At this time, S1 starts caching the data it receives from the origin server. S2 needs 

to retrieve the initial δ  minutes of playback from the origin. At time δ minutes after its arrival, S2 

starts retrieving blocks from the cache. As data blocks are read by S2, the cache space used to hold 

them is released and can be reused by S1. The caching strategy is to cache the set of the smallest 

intervals that can fit in the main memory cache, since they contain the data that will be accessed 

soonest in the future.  

Interval caching was first proposed in [51], generalized to handle short and long file 

workloads in [53] and further analyzed in [50, 54]. Parallel work proposes similar memory caching 

policies in the context of multimedia database systems [90, 107].  

5.1.2 Resource Based Caching (RBC) 

The Resource Based Caching (RBC) algorithm is a disk-based policy that characterizes each file 

object by its space and bandwidth requirements and a  measure called  caching  gain. RBC caches a 

Figure 18:  Interval Caching  
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mixture of full files and intervals and tries to efficiently utilize the limited resource, either disk 

space or disk bandwidth. The development of the RBC policy was guided by two key goals: (1) 

keep disk space utilization and disk bandwidth utilization approximately equal, and (2) replace the 

entity in the cache that is estimated to be needed again farthest in the future. The value of the first 

goal is somewhat unclear; a more intuitive goal is simply to maximize the disk bandwidth that is 

used to deliver content to the clients. The second goal leads to optimal caching policy performance 

if the estimate of which data is needed farthest in the future is accurate and the system is not 

bandwidth constrained.  

RBC uses the parameters defined in Table 15.  When a client request for file i arrives and file i 

is not fully cached, the RBC policy follows two steps. In Step 1, the  system selects  the granularity 

(interval, run or full file) of file i that should be considered for placement in the cache, using the 

criteria in Figure 19(a). Runs are extensions of intervals, where a set of adjacent intervals are 

grouped  together, and  are  particularly  interesting  when  both  bandwidth  and space  are  limited 

Notation Description 

Ri,file 
Estimated average number of clients that request file i during its delivery 
time 

Ri,x 
Current number of clients receiving but not writing entity x of file i                                    
(x ∈ { interval, run} ). 

Wi,x 
Current number of clients receiving and writing entity x of file i to disk               
(x ∈ { interval, run , file} ) 

ri Bit rate for receiving file i. 

Bi,x = (Ri,x+Wi,x)× ri Bandwidth requirement  of entity x of file i (x ∈ { interval, run , file} ) 

Si,x Size, in bytes, of entity x of file i (x ∈ { interval, run , file} ) 

gi,x = Rix × ri Caching gain for entity x of file i (x ∈ { interval, run , file} ) 
Gspace(i,x) = gi,x/Si,x Space goodness measure for entity x of file i 
Gbw(i,x) = gi,x/Bi,x Bandwidth goodness measure for entity x of file i 

Uspace Current disk space utilization 
Ubw Current disk bandwidth utilization 

 

Table 15:  Parameters Used in RBC 
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because they amortize the write overhead over multiple readers and use less space than the entire 

file. In Step 2, described in Figure 19(b), the system evaluates whether the selected entity should be 

cached. The entity (i,x) selected in Step 1 is cached only if space equal to Si,x and bandwidth equal 

to Bi,x can be allocated to it, as dictated by Step 2 in Figure 19(b).   

RBC only caches a full file if there is enough unallocated bandwidth (or enough bandwidth is 

made available after removing entities from the cache) to be reserved for the estimated average 

number of clients that simultaneously request the file. Furthermore, it does not allow unused 

bandwidth that is currently allocated to one file to be used to serve a request to another file. This 

(1) If  enough free space and free bandwidth : 

Cache entity x 

(2) If enough  free space but bandwidth 
constrained: 

Use bandwidth goodness list to select 
candidates for eviction 

     (candidate k must have Gbw(i,k) < Gbw(i,x)) 

(3) If enough free bandwidth but space 
constrained: 

Use space goodness list to select candidates 
for eviction 

(candidate k must have Gspace(i,k)<Gspace(i,x)) 

(4) If  both bandwidth and space constrained: 

Let Sfree and Bfree be the amount of free space 
and free bandwidth, respectively.  

Walk on both lists: at each step, select 
candidate k from bandwidth goodness list if 
Sfree/Si,x > Bfree/Bi,x  or candidate j from space 
goodness list otherwise.  

     (candidate k must have Gbw(i,k) < Gbw(i,x)) 

     (candidate j must have Gspace(i,j) < Gspace(i,x)) 

 

a) Step 1: Select Granular ity of Entity x b) Step 2: Caching Decision for Entity x 
Figure 19: Resource Based Caching Algorithm: Handling a Request for File i.  

(1) If Ubw > Uspace + ε : 

      Choose entity x with the lowest 

xixi

xi

WR

W

,,

,

+
 

 

(2) If Uspace > Ubw  + ε : 
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might be a drawback if bandwidth is scarce, especially given that statistical fluctuations in the 

actual number of concurrent requests imply that allocated bandwidth is often not fully utilized. 

RBC also characterizes each entity by two measures called space goodness and bandwidth 

goodness, defined in Table 15. These measures are used to keep the cached entities in two separate 

sorted lists. The need to maintain multiple sorted lists with multiple types of entities for the RBC 

policy results in a complex implementation. Tewari et al [138] compare RBC against the much 

simpler LFU policy [130] and conclude that RBC provides a better byte hit ratio in the cache. 

However, the region of the system design space considered is narrow (in particular, they consider 

systems with cache sizes up to only 16GB). Furthermore, some of their results are inconsistent with 

simple formulas for bandwidth and space needed to deliver the specified workload. By comparing 

the average duration of the files that fit in the cache, request arrival rate and the average number of 

simultaneous streams delivered by the proxy (calculated from the proxy byte hit ratio), one could 

determine that it violates Little’s Result [94]. Moreover, due to the significant difference in 

complexity, the relative performance of LFU and RBC should be evaluated in the context of their 

relative complexity.  

Finally, the previous literature [137, 138] omits some key details of the RBC policy. 

Fortunately, one of the policy inventors has given us the missing information needed to perform 

our policy comparisons. Some of these details are discussed in section 5.2.1, together with newly 

proposed improvements on the RBC policy.  

5.2  New Caching Strategies  

This section introduces several new caching strategies for unicast streaming. Section 5.2.1 

describes some changes proposed for the complex RBC policy in an attempt to make it more 

intuitive and possibly more efficient. Further improvements lead to the development of the Pooled 
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RBC policy, described in section 5.2.2.  Section 5.2.3 describes the Currently Most Popular (CMP) 

caching algorithm, a rate driven frequency based policy, and relates it to the traditional LFU 

caching policy. Finally, a hybrid caching policy that combines CMP with simple interval caching is 

introduced in Section 5.2.4. 

5.2.1 Improvements to the RBC Policy 

This section proposes two changes to RBC: a replacement for the original rule for selecting the 

granularity of the entity to be cached, i.e., Step 1, described in Figure 19(a), and a rule to handle the 

case when a full file is selected to be cached but there are already intervals/runs of the file in the 

cache.  The three criteria used in Step 1 of the RBC algorithm are designed to keep bandwidth and 

space utilization approximately equal when choosing the granularity of the entity to cache. Given 

this goal, it is not clear why RBC selects the entity with minimum Si,x when Uspace  is greater than 

Ubw + ε, rather than the entity with maximum Ri,x/Si,x.  Furthermore, the sets of rules used in Steps 1 

and 2 are different and not always consistent. One could imagine the situation where Uspace  is 

greater than Ubw + ε which would result in the selection of the entity with minimum Si,x in Step 1, 

but  the system could be bandwidth constraint with respect to that entity (fall under option (2) in 

Step 2). We have experimented with a conceptually simpler and perhaps more intuitive rule for 

Step 1, namely always select the entity with the largest value of Ri,x/Si,x, regardless of the values of 

Ubw and Uspace. This rule selects the entity that maximizes the expected amount of bandwidth used 

to deliver data to clients per unit of cache space. In all cases, we have determined that (perhaps 

surprisingly) this change does not affect the performance observed for RBC.  

Whenever a full file is selected for caching and there are intervals/runs of the file already in 

the cache, the policy in [138] computes the additional space and additional bandwidth needed to 
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cache the full file. If they can be pre-allocated, the full file is cached. The intervals are still kept in 

the cache while the full file is being cached, but if the full file is evicted from the cache, the 

intervals are also evicted.  In other words, the intervals are completely assimilated by the full file 

for the purpose of future replacement decisions.  For the results reported in this chapter, the same 

algorithm for deciding whether to cache the full file is used. However, if the full file is later 

evicted, but the intervals are still active, the intervals are retained in the cache.  This is a slightly 

more complex and general rule but, under certain scenarios, it may be important to keep the 

assimilated intervals/runs in the cache if their original goodness values dictate so. We 

experimented with evicting the intervals when the file is evicted, and, surprisingly, found no 

noticeable impact on policy performance for the experiments described in this chapter.  

The RBC policy analyzed in this work has the more general rule to handle the assimilation of 

cached entities by entire files. The modified Step 1 is used only in the Pooled RBC policy, 

described next. 

5.2.2 Pooled RBC 

The strict and independent scheme of pre-allocation of disk bandwidth used in RBC might actually 

hurt the policy performance if bandwidth is a limited resource, as mentioned in section 5.1.2. Based 

on this insight, the new Pooled RBC policy is proposed. In this policy, full file entities share their 

bandwidth allocation. Whenever a new full file is added to the cache, its bandwidth allocation is 

added to the bandwidth pool. When a request for a cached file arrives, a new stream is obtained 

from the bandwidth pool and assigned to that request. When it finishes delivering the file, the 

bandwidth is returned to the pool and can be assigned to a new request, even if that request is for a 

different cached file. If a request for a cached file arrives and all of the pooled bandwidth is in use, 

Pooled RBC operates just like RBC. At any given point in time, Pooled RBC allows a file with less 
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than its average number of clients to donate bandwidth for delivering another file that has more 

than its average number of clients. Pooled RBC uses the simplified Step 1 in addition to the new 

assimilation rule described in the previous section. Note that Pooled RBC and RBC have the same 

complexity in both implementation and run-time.  

5.2.3 Currently Most Popular (CMP)  

A much simpler caching policy, compared to RBC and Pooled RBC, is the Currently Most Popular, 

or CMP policy. CMP is a rate driven frequency based caching policy that stores in the cache only 

the objects with the highest measured request rates. Note that, conceptually, LFU and CMP might 

be considered similar. However, CMP and LFU may differ with respect to a key implementation 

issue, namely, the handling of cache misses. CMP only stores an object in the cache after enough 

information on its access rate has been gathered to determine that it is cost-effective to cache it, or, 

in other words, it is one of the currently most frequently accessed objects. In the context of memory 

caches [130], for which it was originally proposed, LFU, unlike CMP, always caches an object 

upon a miss and then starts gathering information on its popularity. It is not clear, from the 

literature, whether the handling of cache misses is the same for different workloads such as web 

and streaming media. In particular, it is not clear whether LFU is implemented differently from 

CMP in [138].  

We also point out that, regarding the method of estimating object access rate, LFU is usually 

associated with the use of reference counts [130]. CMP, on the other hand, may use any estimate of 

file access rate used in previously proposed caching policies [3, 86,106, 130, 122, 123, 148]. 

Determining the best estimate is a complex problem, which involves several tradeoffs (e.g., 

accuracy during periods of stable access frequency versus fast detection to changes), and remains 

an open issue for future work. 
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5.2.4 Hybrid Currently Most Popular / Interval Caching (CMP/IC) 

Since CMP is a much simpler policy to implement compared to RBC and Pooled RBC, two hybrid 

strategies are proposed with the goal of possibly improving its performance by storing simple 

intervals in a small, separate cache. The first strategy uses main memory to cache intervals. The 

second strategy reserves a small fraction of the available disk space for interval caching. In both 

approaches, only simple intervals are cached; runs are not considered as possible caching entities. 

By comparing CMP and CMP/IC, we will be able to assess the effectiveness of interval caching for 

the experiments performed. 

The benefit of interval caching in main memory is assessed by evaluating the performance of 

the disk-based Pooled RBC and CMP on a system that is augmented with a main memory cache 

managed by the simple interval caching policy [51].  Two systems are considered, each one with a 

disk and a memory cache of size M. The primary policy, either CMP or Pooled RBC, is used to 

manage the disk cache and interval caching is used in the memory cache. Those systems are named 

CMP/ICmem and Pooled RBC/ICmem, respectively. The interaction between both caches depends on 

the primary policy. In both systems, whenever a request to a cached file arrives and there is enough 

disk bandwidth, it is served from disk. Otherwise, we try to cache an interval in memory so that the 

memory cache can be used by the most popular files without losing the advantages of also caching 

them entirely in disk.  If the requested file is not in the cache, then we first try to create an interval 

in memory. If not possible, then the primary policy is used: Pooled RBC tries to create an entity in 

the disk cache; CMP decides, based on the current estimate of popularity of the requested file, 

whether to cache it. When an interval is removed from the memory cache, Pooled RBC treats the 

interval as a disk entity and tries to cache it on disk. 
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A different strategy is to use a small fixed fraction of the disk space for interval caching 

instead of main memory. The goal is to determine whether CMP can be improved if some fraction 

s of disk space (e.g. 2%-5%) is reserved to cache intervals. In particular, one key issue is how large 

s must be so that this hybrid strategy, CMP/ICdisk, performs at least as well as Pooled RBC. Note 

that this hybrid disk caching policy tries to cache only the smallest intervals for the files that are 

not in the CMP cache. 

5.3 Evaluation Methodology 

The main assumptions and parameters for evaluating CDN designs and, in particular, the 

performance of caching policies, were discussed in chapter 3. We point out that the relative 

performance of different unicast caching policies does not depend on the number of proxies and 

thus can be evaluated by considering only one proxy and one origin server and varying the system 

and workload parameters widely in order to cover a large variety of systems. Table 16 gives the set 

of system and workload parameters that will be considered in the following sections to evaluate the 

relative performance of RBC, Pooled RBC, CMP and CMP/IC. Note that it contains the same 

derived parameters shown in Table 3 (chapter 3), except for β, the ratio of the average cost of a 

proxy stream to the average cost of an origin stream, which does not impact the optimal proxy 

content for unicast CDNs.  

Furthermore, since only one proxy needs to be considered, we use a single parameter N to 

represent the total client request rate and a single parameter θ  for the overall distribution of file 

access frequencies. We also point out that changing the number of files n has a similar effect on 

relative file popularity as changing the value of the parameter θ.  Thus, only one parameter needs to 

be  varied  to  evaluate  the  performance of different strategies. We will hold θ constant and vary n.   
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We set θ = 0, as the high skew may favor interval caching and RBC. However, additional 

experiments show that the relative performance is the same for θ = 0.271, the parameter value 

observed for the frequency of movie rentals in video stores in [52].  

Recall that in chapter 3 we proposed two methods for normalizing the total proxy disk 

bandwidth. In this chapter, we express the total proxy disk bandwidth, B, as a fraction of the 

average bandwidth needed to deliver the most popular files that can fit in the proxy cache space, 

i.e., as a fraction of  *BWr × , where r is the average file streaming rate and *BW  is the average 

number of active streams needed to deliver the data that is cached by the CMP policy. Given       

�
n× C� , the index of the least popular file that fits in the CMP cache, *BW  is computed as follows: 

� �
×

=
×=

Cn

i
ipNBW

1

* ,                       (4) 

where pi is the access probability for file i, defined by the Zipf-like distribution. The number of 

concurrent streams at a given rate r that a disk can sustain was given in Table 2 (chapter 3) for two 

generations of disks. The number of concurrent streams per disk times the number of disks divided 

by *BW  is the value of B.  Alternatively, since the load is assumed to be balanced across the disks, 

the ratio of the number of concurrent streams per disk to the number of concurrent streams needed 

Parameter Description 
N Total client request rate, in units of requests per average file playback time (N=λT)  
n Number of files 

θθθθ Parameter for the Zipf-like distribution used to model the file access probabilities 
C Proxy cache size, expressed as a fraction of the sum of all n media file sizes 

B 
Proxy disk bandwidth, as a fraction of the bandwidth needed to deliver the most 
popular files that can fit in the proxy storage space 

 

Table 16: System and Workload Parameters for Evaluating Caching Strategies for Unicast 

CDNs 
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to deliver all of the content on the disk is also equal to B.  For example, if the Seagate disk caches 

three two hour MPEG-1 (1.5 Mb/s) movies, and the total request rate for the three movies is ten 

requests per hour, twenty streams are needed to deliver the data cached on the disk and B = 25/20 = 

1.25 (Table 2 shows that a Seagate disk can sustain 25 MPEG-1 streams). Similarly, if the Ultrastar 

disk caches eighty-seven thirty minute MPEG-2 (4 Mb/s) videos and the total request rate for the 

shows is equal to 120 requests per hour, 60 concurrent streams are needed to deliver the cached 

content and B = 42/60 = 0.7. Depending on the duration and streaming rate and the total request 

rate for the files stored on the disk, the value of B can be less than, equal to or greater than 1.   

If B = 1.0, a proxy that implements the CMP policy is expected to have enough bandwidth to 

be able to serve most requests for the cached files, and will have bandwidth utilization close to 

100%.  Thus, such systems where B = 1.0 will be called bandwidth balanced systems. Similarly, in 

systems where B < 1.0, a significant number of client requests that hit in the CMP proxy cache may 

not be delivered from the cache due to limited disk bandwidth. Such systems will be called 

bandwidth deficient systems. When B > 1.0, in the CMP caching system, bandwidth utilization can 

be expected to be approximately equal to 1/B, and thus these systems will be called bandwidth 

abundant systems.  For the experiments in this paper, values of B equal to 0.75, 1.0, and 2.0 are 

considered as representative of these three types of systems. 

For evaluating the relative performance of the caching policies proposed in this chapter, we 

will simulate the policies using a synthetic workload defined by the assumptions listed in chapter 3. 

In particular, we will further assume that the arrival rate and file access frequencies (given by the 

Zipf-like distribution) are fixed during the simulation and we will vary the parameters widely in 

order to cover as many different client workloads as possible. We point out that, since all the 

policies considered in this chapter rely on an estimate of access frequency, we expect the relative 
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performance of them to remain (approximately) the same in the presence of dynamically changing 

file access frequencies (as long as they use the same estimate).  In particular, the same relative 

performance of the policies, reported in the next section, was observed with extra experiments that 

assumed unknown access frequencies estimated with a weighted average of previous request inter-

arrival times, as proposed in [138].  

5.4 Per formance Compar isons  

This section evaluates the performance of the caching policies. Section 5.4.1 provides the main 

results on the relative performance of RBC, Pooled RBC and CMP. Unlike the results reported in 

[138], our experiments show that RBC only outperforms CMP, by a very small amount,  if the 

system is bandwidth abundant. Section 5.4.2 evaluates CMP, Pooled RBC and CMP/IC. Our 

results show that the benefit of interval caching is very most and the simple CMP caching policy is 

the most cost-effective policy. The 95% confidence intervals for all results shown in this section 

are within ± 2% of the reported values. 

5.4.1 CMP, RBC and Pooled RBC 

The byte hit ratios of CMP and RBC for different values of C, B and N are shown in Figures 20(a)-

(c). Two key conclusions are drawn from  these  results. First, the relative performance of RBC and 

CMP is very insensitive to the arrival rate. Though the performance of RBC improves as the arrival 

rate increases, consistently with the results reported in [138], the same relative ordering of the 

policies is observed for the various values of N. We also point out that the relative performance of 

the policies is also  very  insensitive to the  number  of files  [9]. Thus,  it  appears that  the relative 

performance of the policies is determined by C and B.  Second, CMP outperforms RBC if disk 

bandwidth is a limited resource (B ≤ 1); otherwise, RBC only slightly outperforms CMP. Given the 
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significant difference in complexity, CMP is more cost-effective than RBC. We point out that these 

results qualitatively agree with the results in [138], where the authors conclude that RBC 

outperforms LFU but compare the two policies only over a region of the design space for which B 

> 1. However, we find that RBC outperforms CMP by a much smaller amount in that region of the 

design space.    

As discussed in chapter 3, a burstier arrival process, compared to Poisson (default 

assumption), may favor interval caching, and consequently RBC, because the number of smaller 

intervals eligible for caching is larger. We compared the performance of RBC and  CMP  assuming 

Pareto request arrivals with parameters α = 1.5 and k = 1 [20]. Figure 21(a) shows that, although 

the burstier arrival process does improve RBC performance (the gap between the policies 

decreases), the relative performance between the two policies remains the same. We also evaluated 

the sensitivity of our conclusions to the assumptions of uniform file duration and uniform file 

streaming rate. We ran experiments with a heterogeneous workload in which files are partitioned 

into three  different classes defined by the file length.  A separate Zipf distribution is used to model 
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Figure 20: Performance Comparison of RBC and CMP (n = 100) 

RBC                        B=2.0         CMP
RBC                        B=1.0             CMP
RBC                        B=0.75             CMP 
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accesses to files of each class.  Each class has 100 files and each file has an equal probability of 

having a streaming rate equal to either 1.5 or 4.5 Mbit/s. Class 1 contains 5-minute clips, class 2 

contains 30-minute videos and class 3 100-minute videos. The access frequencies for each of the 

three classes are: 0.6, 0.3 and 0.1, respectively. Figure 21(b) shows that the relative performance of 

RBC and CMP is the same as for uniform file durations and streaming rates.   

In order to better understand the relative performance of RBC compared to CMP, the average 

fraction of each file cached by RBC is measured. Figure 22 shows the fractions for C = 0.25, N = 

450 and n  =  100. When B  ≤  1 (Figures 22(a) and 22(b)), like CMP, RBC caches mainly full files. 

However, RBC caches fewer files because, as discussed in section 5.1.2, unused bandwidth that is 

currently allocated to a file cannot be used for serving a request to another file. Statistical 

fluctuations in the actual number of concurrent requests for each file imply that allocated 

bandwidth is often not fully utilized, as discussed below. If bandwidth is abundant (Figure 22(c)), 

RBC slightly outperforms CMP by choosing to cache intervals and runs instead of some of the 

least popular files [138].  However, it is important  to  note  that  RBC  still  fully  caches  the  most 

                   Figure 21:  Further Performance Comparison of RBC and CMP  
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popular files and only caches intervals/runs of the less popular files. This is why, for B > 1, the 

difference in performance is small and disappears for larger cache sizes. As C increases, more files 

are fully cached by RBC and interval caching becomes less effective because there are not many 

small intervals for less popular files.  Based on additional experiments that vary B from 1 to 2 and 

keep C = 0.1, we found that the byte hit ratio of RBC is higher than the byte hit ratio of CMP only 

if B ≥ 1.2 and no further improvement on RBC performance is achieved if B increases beyond 1.4, 

because there are no sufficient cacheable intervals to use the extra bandwidth.   

Another key result is that, although RBC tries to equally utilize disk bandwidth and space, the 

two utilizations are quite different when B ≠ 1, as shown in Figure 23. In particular, for B ≤ 1, 

although RBC allocates all the available bandwidth to the cached files, it uses only about 90% of it, 

due to the frequent discrepancy between the number of active requests per file and the amount of 

bandwidth allocated to each file. On the other hand, CMP uses nearly 100% of the disk bandwidth 

to deliver data from the cache. 

Pooled RBC is proposed as an improvement over the strict and independent scheme of pre-

allocation of disk bandwidth used in RBC. Recall that in Pooled RBC, full files share their 

bandwidth allocation. Figure 24 shows that Pooled RBC performs much better than RBC and has  a 
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byte hit ratio much closer to CMP for B ≤ 1. For B = 2.0, Pooled RBC performs the same as RBC 

because the partitioned bandwidth allocation does not hurt the performance of RBC when there is 

excess of disk bandwidth. 

5.4.2 Hybrid CMP/IC 

This section investigates the performance of the two hybrid CMP/IC strategies, namely, 

CMP/ICmem and CMP/ICdisk, designed to improve CMP performance by storing intervals in a small, 

separate cache, either in main memory or in a fraction of the disk space. Figure 25 compares the 

performance of CMP/ICmem and Pooled RBC/ICmem, as defined in section 5.2.4, for memory cache 

size M = 0.25% of the total file data. The overall key conclusions are: (a) interval  caching  in  main 

memory improves, somewhat, the performance of both policies and (b) the CMP/ICmem policy 

performs practically as well as or better than Pooled RBC/ICmem for all values of B and C.   

Figure 26 shows the performance of CMP, Pooled RBC and CMP/ICdisk, if the fraction s of 

disk space reserved for caching intervals is equal 5%. For all values of B and  C,  our  results  show 

Figure 23: Space and Bandwidth Utilization for RBC and CMP (N =450, n = 100) 

a) B = 0.75 b) B = 1.0 c) B = 2.0 
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that: a) CMP/ICdisk performs as well or better than Pooled RBC and b) the byte hit ratios achieved 

with  CMP  and  with  CMP/ICdisk  are indistinguishable. Furthermore, reserving  a larger fraction of 

disk space for interval caching does not result in significant improvement. In fact, the performance 

may actually degrade. For example, s = 10% hurts performance for cache size C ≥ 0.8.  

Concluding, the hybrid CMP/IC policies perform as well or better than Pooled RBC for all 

parameter values, with the advantage of being much simpler to implement and  execute.  Moreover, 
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Figure 24: Performance of Pooled RBC Compared to RBC and CMP (N = 450, n = 100) 

a) B = 0.75 c) B = 2.0 b) B= 1.0 
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Figure 25: Performance of Hybrid Pooled RBC/ICmem and CMP/ICmem 
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compared to the even simpler CMP, the improvements from interval caching are very modest. 

Thus, the CMP policy is a good compromise between simplicity and efficiency.  

5.5 Interval Caching for  Streaming Media 

The results described in the previous section lead to the key observation that the benefit from 

interval caching is very modest. Most of the available disk cache space and disk bandwidth is 

always better utilized if used to fully cache the most popular files, leaving the remaining resources 

(if any) for caching intervals over less popular files. This was observed over a wide range of 

parameter values and for both Poisson and the burstier Pareto arrival processes. Furthermore, even 

if performed in main memory,  the benefit from interval caching is modest considering that main 

memory is a limited resource that, in practice, may be better utilized as a buffer cache for the disk 

accesses as well as to perform other streaming related functions (e.g., smoothing).  

One possible advantage of interval caching not explored in this work is the robustness in the 

presence of varying file access frequencies. If a file becomes suddenly very popular, memory-

based interval caching can be used to serve some requests from the proxy while enough 

information becomes available to decide whether the full file should be cached in the CMP disk 
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Figure 26: Performance of the Hybrid CMP/ICdisk (N = 450, n = 100, s = 5%) 
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cache. However, also in this scenario, we expect the performance improvement to be modest as 

only a few requests would benefit from interval caching, assuming that an efficient method for 

detecting changes in file access frequencies is used.  

Furthermore, is a system with an interactive client community, where clients may request 

different segments of the file, interval caching may not help at all if the blocks retrieved for 

different requests that arrive close in time do not overlap. For instance, in chapter 4, we show that a 

large number of consecutive requests to eTeach files are for very small and non-overlapping 

segments. For this workload, interval caching would not help. Instead, a simple full file CMP 

caching may be much more effectively, especially given the uniform segment access frequencies 

for the most popular files, as discussed in chapter 4. 

We also do not expect interval caching to be effective for multicast delivery. Take, for 

instance, the efficient Bandwidth Skimming multicast delivery protocol [60, 61, 62]. Each client 

receives data by listening to possibly two separate streams, one created when its request arrived at 

the server and the other, the closest target stream, created earlier, in response to a previous request. 

The two streams merge as soon as their clients reach a common point at the playback. If the same 

client listens to both streams, an interval between them would not make sense since the client 

receives data from both of them. Thus, it seems likely that the eligible intervals for caching would 

most frequently be established between streams that are far apart and do not have clients in 

common. Those intervals are long and, thus, not interesting for caching.  

5.6 Summary of the Chapter  

This chapter evaluated the performance of caching algorithms for unicast streams and determined 

that, due to implementation simplicity as well as delivery cost, the new and much simpler Currently 
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Most Popular (CMP) caching policy, which stores at the proxy only files with highest measured 

access rates, outperforms the best previously proposed policy, called RBC. These results are based 

on a more complete analysis, which explores a larger system design space than previously 

considered. Based on the insights obtained with this analysis, two new caching policies, Pooled 

RBC and CMP/IC, were proposed in an attempt to improve RBC and CMP performance, 

respectively. Pooled RBC includes a key improvement to the original RBC policy in which 

bandwidth pre-allocations are shared among all cached files.  The simpler hybrid CMP/IC 

combines CMP with interval caching, performed either in main memory or on a separate small 

portion of the disk cache. The main results showed that the hybrid CMP/ICdisk has performance at 

least as good as Pooled RBC, as well as the advantage of being much simpler to implement. 

However, the even simpler CMP policy delivers essentially the same performance as Pooled RBC 

and CMP/ICdisk.  Overall, the benefit of interval caching is at best very modest. Since interval 

caching is expected to be even less beneficial for CDNs that use scalable delivery protocols, it is 

not further explored in this thesis.  

These results motivate the development of optimization cost models that minimize cost for 

measured content request rates as opposed to more complex strategies that include interval caching, 

in the context of scalable CDNs, which is the topic addressed in the next two chapters.   
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Chapter  6  

Optimal Server Content for Scalable 
Distr ibution Networks  

The next goal of this thesis is to develop methods for designing CDNs that use one of the recently 

proposed scalable multicast streaming protocols [69, 82, 83, 111]. In particular, we consider the 

efficient scalable bandwidth skimming streaming protocol [60, 61]. The focus of this chapter is on 

determining the proxy content that minimizes total delivery cost for different CDN workloads, 

assuming a fixed number of proxy servers, fixed (origin and proxy) server placement and that 

clients send requests either to a fixed proxy or directly to the origin server. The definition of the 

delivery cost minimized in the CDN design models developed in this chapter is given by equation 

(2), in chapter 3, which uses approximate network bandwidth costs. In particular, it uses a constant 

as the ratio of the average cost of a proxy stream to the average cost of an origin stream.  These 

assumptions will be relaxed in the next chapter where the optimal server content, server placement 

and routing are investigated jointly, using more precise network bandwidth costs that include the 

cost of network bandwidth over each hop in the delivery tree.  

Determining the optimal proxy content for CDNs that use multicast streaming is significantly 

more complex than for unicast streaming, because of the new tradeoffs introduced by stream 

sharing, discussed further in section 6.1.1. A key conclusion from previous studies of dynamic 

skyscraper systems [57, 58] is that storing file prefixes rather than full files and batching client 
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requests for suffix streams from the origin significantly reduce delivery costs for many workloads 

and proxy server constraints. However, it is not clear whether the same conclusions hold for the 

more efficient and flexible bandwidth skimming protocol.   

The main goals of this chapter are to: (1) develop extensions to the bandwidth skimming 

streaming protocol to enable proxy caching of file prefixes, (2) create efficient optimization models 

that could be used in practice to determine the optimal proxy server content for these protocol 

extensions, (3) evaluate the effectiveness of alternative protocol extensions, including batching 

versus non-batching, multicast versus unicast delivery from the origin server, and the impact of the 

available client bandwidth on the optimal CDN delivery cost, (4) obtain insights into the cost-

effectiveness of proxy servers for scalable CDNs and (5) determine the proxy storage strategy 

(prefix versus full file caching) that (nearly) minimizes the total delivery cost. To achieve these 

goals, we apply the cost models over a wide region of the design space, including unconstrained as 

well as realistically constrained proxy storage and disk bandwidth. We assume each proxy uses the 

scalable bandwidth skimming delivery protocol. For most of the experiments, the origin server also 

employs the same protocol. However, we also consider the case when multicast is not available 

over the network from origin to proxy servers, and thus the origin uses simple unicast streaming.   

The rest of this chapter is organized as follows. Section 6.1 defines the new extensions to the 

bandwidth skimming protocol to enable proxy prefix caching and the corresponding delivery cost 

models for these protocols. The results for CDNs with unconstrained proxy servers  are provided in 

sections 6.2 and 6.3. Section 6.4 provides the results for CDNs with limited proxy resources. 

Section 6.5 summarizes the chapter. 
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6.1 New CDN Protocols and Cost Models 

This section develops three alternative extensions to the bandwidth skimming protocol and 

corresponding delivery cost optimization models. The optimization models are based on the 

previously proposed delivery cost function, given by equation (2) in chapter 3, with new server 

bandwidth requirements computed for the proposed protocol extensions. 

Recall that the required server bandwidth for this protocol, measured in units of the streaming 

rate, for Poisson arrivals (default assumption in this thesis) and assuming the client requests the 

whole file is given by  B(N) = η ln (1 + N/η), where N is the client request rate (as defined in 

chapter 3) and η = 1.62 if client has enough bandwidth for receiving two simultaneous streams. 

We have also verified, through simulations, that the above formula with η = 5.53 (proposed in 

[61]) is an accurate estimate for the server bandwidth requirements of bandwidth skimming if 

client receive bandwidth is equal to 1.2 times the streaming rate. The results obtained with 

simulation and with the above formula are within 12% of each other.   

Section 6.1.1 provides some quantitative examples to illustrate the tradeoffs introduced by 

scalable delivery.  Section 6.1.2 discusses specific system assumptions and parameters to develop 

the CDN design cost models in this chapter. Sections 6.1.3 − 6.1.5 define three new modifications 

to the bandwidth skimming protocol to enable prefix caching at proxy servers and derive formulas 

for the delivery cost model for each of the three new extended protocols, which are called 

BWSkim(b), BWSkim/U(b) and BWSkim[/U]+Batch(b).  

6.1.1 Motivating Examples 

Consider a simple scenario where a CDN consists of ten proxy servers where a popular file may be 

stored and assume that the client request rate N at each proxy for the file is equal to 100. If the file 
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is not stored at the proxies, all clients must retrieve it from the origin. Thus, in that case, the total 

request rate at the origin is N = 1000. Using the formula for the required server bandwidth for the 

bandwidth skimming streaming protocol, with N = 1000, and assuming clients can listen to two 

concurrent streams, the required average origin server bandwidth is approximately twelve 

concurrent streams. However, if the file is fully stored at all proxies, using the same formula with 

request rate equal to 100, the required average server bandwidth for each proxy is approximately 

seven streams. Whether ten proxy servers, each transmitting, on average, seven concurrent streams 

is cheaper than an average of twelve streams from one origin server depends on the ratio of the 

average cost of an origin stream and the average cost of a proxy stream, and ultimately, on server 

and network bandwidth costs. Similar tradeoffs also occur for other scalable streaming protocols. 

For example, periodic broadcast [83, 111] requires a fixed server bandwidth (e.g. in the order of 10 

streams) for the origin and for each proxy that stores the file, independent of the client request rate.   

Provisioning the proxy storage becomes even more complicated if file prefix caching is 

allowed at the proxy server. As an example, consider the same CDN as in the previous example 

with 10 proxy servers and client request rate at each proxy equal to 100. If each proxy stores a 

prefix of the file, say the first 10% of the file, the per-proxy client request rate for the cached 

content, normalized to the length of the prefix, is 10. Using  N = 10 in the formula for required 

server bandwidth for bandwidth skimming, we find that approximately three streams are required 

at each proxy to deliver the cached prefix. If the prefix is not stored at the proxy, the total client 

request rate at the origin server for the prefix, normalized to the length of the prefix, is N = 100 

and, thus, approximately seven origin streams are required to deliver the prefix. As before, 

whether,  an average of seven origin streams is cheaper than an average of three concurrent streams 

from each of the ten proxy servers depends on the relative cost of an origin stream and a proxy 
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stream.  We point out that, as before, a similar tradeoff also occurs for other scalable protocols. 

Whether to cache or not a prefix (or a full file) depends on the relative cost of proxy and origin 

stream and on the ratio of the number of proxy streams to the number of origin streams required to 

deliver the prefix (or the full file), which ultimately depends on the efficiency of the protocol used.  

6.1.2 Model Assumptions and Parameters 

The cost models developed in this chapter are based on the general delivery cost formula given in 

equation (2), in chapter 3. We derive formulas for Borigin and Bproxy for three classes of CDN 

protocols, based on extensions to the bandwidth skimming protocol, to determine the proxy content 

that minimizes the formulation of the delivery cost given in equation (2). To derive these formulas 

and with the purpose of gaining insights into the optimal CDN server content for different system 

configurations, we assume a fixed number of proxy servers, fixed origin and proxy server 

placement, with one proxy located close to each client site (or to a group of client sites) and an 

origin server located across the “ remote” network (as in Figure 1, in chapter 1) and that client 

requests are sent either to a fixed proxy server or directly to the origin. CDN design models that 

allow for more flexible server placement and routing are investigated in the next chapter.  

Furthermore, for simplicity in deriving the formulas for Borigin and Bproxy in sections 6.1.3 − 

6.1.5, we will assume that the proxy client workloads and proxy storage and bandwidth capacities 

are statistically homogeneous and we will use the same constant β, defined as the ratio of the 

average cost of a proxy stream to the average cost of an origin stream, for all proxies. These two 

last assumptions imply that the same arbitrary fraction ƒ of each file is stored at all proxies. In the 

experiments in sections 6.2 − 6.4, the value of β  will be varied to determine its impact on the 

optimal proxy storage content. Given these assumptions, the workload and cost model parameters 
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that must be considered to derive the formulas in sections 6.1.3 − 6.1.5, which are taken from the 

complete list provided in chapter 3, are summarized in Table 17. Note that N is the total client 

request rate for a file, expressed in number of arrivals per file duration. Thus, N/P is the 

(homogeneous) client request rate at each proxy. The delivery cost D that is minimized to 

determine the fraction f of a given file that should be stored at each one of the P proxies, is then 

restated as: 

        D(ƒ,N,P,b) = Borigin(ƒ, N,P,b) + P×β×Bproxy(ƒ, N,P,b).                         (5) 

We point out that the formulas presented below can be modified to include different types of 

heterogeneity. In particular, we have modified them to allow for non-uniform file sizes and 

streaming rates and heterogeneous client request rates and proxy capacities. Appendix C provides 

the required modifications to the formulas. Experimenting with these heterogeneous models and 

extending them to include other types of heterogeneity and, possibly, bandwidth formulas that 

account for client interactivity are interesting directions for future work.  

Symbol Definition 
N Total client request rate, in units of requests per average file playback time 
b Client bandwidth (in units of the file streaming rate) 
f Fraction of the file stored at the proxy 

Bproxy 
Server bandwidth required to deliver the content stored at proxy, measured in 
units of the file streaming rate 

Borigin 
Server bandwidth required to deliver content from the origin, measured in units 
of the file streaming rate 

β 
Ratio of the average cost of one proxy server stream to the average cost of one 
origin server stream 

P Number of proxy servers 
 

Table 17: Client Workload and Cost Model Parameters for Defining Optimal Proxy 
Content for Scalable CDNs 
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In sections 6.2 − 6.4, the delivery cost given by (5) will be minimized for a given number of 

proxy servers and fixed set of client request rates N and access probabilities for each file. We will 

vary the number of proxies to determine its impact on the minimum delivery cost. In particular, we 

will evaluate when it is cost-effective to store content at the proxy servers. Furthermore, note that 

file access frequencies and client request rates may change over time. In fact, for the workloads 

analyzed in chapter 4, they change significantly, even during a day. In that case, as discussed in 

section 6.5, the optimal proxy content may need to be recomputed in response to those changes.  

6.1.3 BWSkim(b) Protocols 

This section, together with sections 6.1.4 − 6.1.5, defines three new ways of employing bandwidth 

skimming in a CDN. They also derive the formulas for Borigin and Bproxy for each protocol. These 

formulas were validated against simulation over a wide range of parameter values (N/P = 1 − 

10,000,  ƒ = 0.01 − 0.99 and P = 1 − 10) and found to be within 15% of the simulation values.  

The new CDN delivery protocols are illustrated in Figure 27. The x-axis represents time and 

the y-axis represents the position on the file for each stream, as the stream progresses. Solid lines 

represent the basic stream received by each client, i.e., the stream that is created upon arrival of the 

client request. Dashed lines represent the total amount of data received by each client, which 

includes the data received in the basic stream and the data received in the target stream. A stream is 

terminated when it merges with an earlier stream or when it reaches the end of the file.  

In the BWSkim(b) protocol, proxy and origin servers use the closest target bandwidth 

skimming protocol (assuming client bandwidth b), as illustrated in Figure 27(a) for a file with a 

fraction ƒ stored at the proxy. A new client stream from the proxy is merged hierarchically with 

other streams from the same proxy. Similarly, multiple origin streams are also merged. The origin 
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may stream the data directly to the clients rather than through the proxies, which only affects the 

value of β. 

If a prefix is stored at the proxies, there are two possible variations of the BWSkim protocol. 

In the basic implementation, a client listening to the oldest active proxy stream does not try to, 

simultaneously, listen to an origin suffix stream. Rather it waits until the prefix is fully received, 

and then starts listening to a suffix stream and at the same time tries to catch with the closest target 

earlier suffix stream. This protocol can be optimized, with a small increase in implementation 

complexity, by letting a client that is currently listening to the oldest active prefix stream, 

a) BWSkim(2) b) BWSkim/U(2) 

c) BWSkim+Batch(3) 
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simultaneously listen to an origin suffix stream. This optimization requires a few extra messages 

from origin to proxies, informing them of each new origin stream that delivers content for any file 

that has a prefix stored at each of them.  

In deriving the server bandwidth requirements for BWSkim, we do not use the optimized 

protocol in order to simplify the calculations. However, we have simulated the optimized protocol 

and found its required server bandwidth is very close to the formula derived below (usually within 

10%). One explanation for this result is that at moderate to high request rate, new requests 

continuously merge with the oldest proxy stream, delaying the time when it can start a successful 

merging with an origin stream. At lower arrival rates, there is less opportunity for merging and thus 

variations in the merging protocol do not have a significant impact. 

We now derive the formulas for Bproxy and Borigin for the BWSkim(b) protocol.  Each proxy 

uses bandwidth skimming to deliver an object of length ƒT, which has normalized client request 

rate equal to λ/P×ƒT=f N/P. Letting Nproxy = N/P, and given that the constant η depends on b, as 

discussed in section 6.1.1, the bandwidth requirements for each proxy server is defined as: 

                         Bproxy(ƒ,N,P,b) = η ln(1+ƒ Nproxy /η).                                          (6) 

To derive Borigin, we first estimate the request arrival rate for suffixes at the origin server. The 

request rate from each proxy is equal to the rate at which proxy streams reach the end of the prefix 

without merging into some earlier stream, which can be derived as:  

     
ηλ

λη
δ

δλ
δ +

==
−+

=
→ PfT

P

fTd

bPNfdB

T

bPNfBbPNfB

P
proxyproxyproxy

T

origin

/

/

)(

),,,(),,,(),,,(
lim

0

. 

The normalized request rate to the origin server suffixes is thus given by Norigin = λorigin×(1-ƒ)T. 

We have simulated BWSkim(b) protocol over a wide range of parameter values and found that the 
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assumption of Poisson arrivals for suffixes at the origin is accurate over the whole parameter space 

of our validation. Thus, the required origin server bandwidth, computed using equation (1), is 

defined as:  

Borigin(ƒ,N,P,b) = η ln(1+Norigin /η),                  (7) 

where:      
η

η
+

−=
PfN

Nf
Norigin /

)1(
.                                                         (8) 

Sections 6.2 − 6.4 evaluate the BWSkim(b) protocol with client receive bandwidth b = 2 and  

b = 1.2. The only difference in the calculations of the origin and proxy bandwidth requirements is 

the value of η, which must be set appropriately for the client receive bandwidth considered. 

6.1.4 BWSkim/U(b) Protocols  

In the BWSkim/U(b) protocols, the proxies operate as in BWSkim(b), but the origin server uses 

unicast delivery. The origin streams content to each proxy which then multicasts it, using 

BWSkim(b), to the clients. Thus, all suffix and prefix streams are multicast by the proxies to the 

clients. Note that an origin stream is terminated when clients listening to the multicast from the 

proxy merge with a target stream. The operation of the protocol is illustrated in Figure 27(b).  It is 

similar to Figure 27(a), except that origin suffix streams can only merge with other origin suffix 

streams that are sent to the same proxy. 

The required proxy server bandwidth is computed as for BWSkim(b), using equation (6). The 

required origin server bandwidth is computed by calculating the required origin bandwidth for the 

streams sent to one proxy, using equations (7) and (8), and then multiplying that value by the 

number of proxies P. Thus, for homogeneous proxy servers, in order to analyze the delivery cost 

and/or the optimal proxy content for protocols that use origin unicast, one needs to consider only 
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the results for P = 1. The total delivery cost for larger number of proxies can be calculated by 

multiplying the cost for P = 1 by the number of proxies. Furthermore, the optimal content is the 

same for any number of proxies. The total required origin server bandwidth for BWSkim/U(b) is 

defined as: 

                            Borigin(ƒ,N,P,b) = P η ln [ 1+(1-f) N / ( f N +  ηP) ].                           (9) 

Note that if a proxy intercepts all the origin streams, the proxy network i/o bandwidth may be 

significantly higher than it would be if the suffix streams were delivered directly to the clients. 

Thus, for BWSkim/U (as well as for BWSkim/U+Batch, described next), the cost of an origin 

stream must include the cost of the extra proxy network bandwidth. In practical terms, for two 

CDNs that differ only on whether they use BWSkim (BWSkim+Batch) or BWSkim/U 

(BWSkim/U+Batch), the value of β is smaller for the latter case. Section 6.4 quantifies the per-

proxy network bandwidth needed for delivering origin content using origin unicast streaming.  

6.1.5 BWSkim[/U]+Batch(b) Protocols 

For a file that is fully stored or not stored at all at the proxies, BWSkim+Batch(b) operates just like 

BWSkim(b-1), with the same formulas for required origin and proxy server bandwidth. For a file 

that has a prefix stored at the proxies, BWSkim+Batch(b) operates as follows: the client uses one 

unit of bandwidth to listen to the first origin suffix stream that starts after its request and uses the 

remaining bandwidth to listen to proxy prefix streams. Thus, for those files, BWSkim+Batch 

requires client bandwidth b > 2. Client requests for objects that are partially cached are batched 

together for an origin suffix stream.  The operation of the protocol is illustrated in Figure 27(c). 

Since each proxy uses BWSkim(b-1) to deliver the prefix to the clients, the required proxy server 

bandwidth can be calculated using equation (6) with η  appropriately set for the value of b − 1.   
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Before deriving the required origin server bandwidth, the origin delivery protocol is clarified. 

During the first ƒT of the suffix stream, the origin cannot perform any merging of suffix streams 

because client bandwidth is often entirely used for listening to one suffix stream and the prefix 

stream(s). If the suffix is longer than ƒT, the origin delivers the remaining (1- 2ƒ)T segment of the 

file using BWSkim(2). Because client requests are batched together for an origin suffix stream, the 

average time between the creation of two suffix requests, given by ƒT +1/N, is approximately 

deterministic, unless ƒ, T or N is small.  Hence, the arrival rate at the origin server is given by:  

NfT
forigin 1

1
)(

+
=λ .              (10) 

If the fraction ƒ is greater than or equal to 0.25, there is no merging of origin streams. This is 

because merging of suffix streams may only start after position 2ƒT of the file (ƒT of the prefix and 

ƒT of the first segment of the suffix) and the minimum inter-arrival time of requests to that last 

segment of the file at the origin is ƒT + 1/N.  Thus, if ƒ = 0.25, merging could only start after T/2, 

but the closest target stream would be beyond position 3T/4 by then. In that case, merging cannot 

occur before the target stream ends.   

If the fraction ƒ is less than 0.25, merging may occur in the last 1–2ƒ of the file. Since no 

merging occurs before this last segment, the rate at which “ requests” for this last segment arrive is 

the same (approximately) deterministic arrival rate at the origin server, given by equation (10). The 

origin bandwidth needed to deliver this last segment is derived (in appendix B), as follows: 
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Therefore, the required origin server bandwidth for BWSkim+Batch(b)  is defined as: 

ƒ ≥ 0.25:                       Borigin(ƒ,N,P,b) = λorigin ×(1- f)T                   (11) 

ƒ < 0.25:                       Borigin(ƒ,N,P,b) = λorigin ×fT  + Borigin,last_segment(f)                        (12) 

Equations (11) and (12) can be changed for the BWSkim+Batch/U(b) protocol, as shown in 

section 6.1.4  for BWSkim(b).  

For the BWSkim+Batch[/U] protocols, the following sections consider systems with client 

bandwidth b = 3 and b = 2.2, which implies client bandwidth of 2 and 1.2, respectively, for 

merging proxy streams. We point out that, for all the protocols proposed, but especially for the 

BWSkim+Batch protocol, the “client” may actually be a system very close to the real client that 

buffers and delivers the data in a single stream to it, if the “ last mile” bandwidth to the actual client 

is limited. In any case, BWSkim+Batch has higher implementation complexity than BWSkim, 

because it requires more synchronization between proxies and origin for allowing batching of 

requests. Therefore, it is preferable to use BWSkim unless the cost savings for BWSkim+Batch are 

significant. Of particular interest are the relative performance of BWSkim+Batch(b) with b = 3 and 

b = 2.2 compared to the simpler BWSkim(2) and the cost increase for BWSkim(1.2), which may be 

important for streaming higher quality content over a non-broadcast network.   

6.2 Storage Content for  Unconstrained Proxy Servers 

This section analyzes the optimal delivery protocol and storage strategy for the case where the 

CDN proxy servers can be configured with enough storage and bandwidth for the fraction of each 

file that minimizes the file delivery cost.  For each protocol and a wide range of parameters values, 
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we numerically solve the total delivery cost, given by equation (5), for the fraction ƒ of the file 

stored at the proxy that minimizes the total delivery cost.  We experiment with per proxy request 

rate N/P varying from 1 to 10,000, number of proxies P equal to 1, 10 and 100, relative cost of 

proxy stream β , varying from 0 − 0.8 and two different values of client bandwidth b for each 

protocol. We point out that the results in this section provide general insights for provisioning 

CDNs for multicast streaming, which are key to understand the results for proxies with constrained 

storage and disk bandwidth, reported in section 6.4.  

Figure 28 shows the percent increase in cost of BWSkim(2) compared with 

BWSkim+Batch(3).  Note that the results for P = 1 also provide the cost increase for 

BWSkim/U(2) versus BWSkim+Batch/U(3). The simpler BWSkim(2) has total delivery cost 

within 5% of the cost of BWSkim+Batch(3) over almost the entire design space (except for P > 10 

and small N/P). Furthermore BWSkim/U(2)  performs just as well as BWSkim+Batch/U(3). 

The optimal fraction stored at the proxies for BWSkim(2) protocol for  the wide design space 

explored is shown in Figure 29. One key result is that the optimal value of ƒ is either 1 or 0, 
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depending primarily on P and β, and to a lesser extent on N/P.  Whereas Figure 29(a) shows that 

the file should always be stored at the proxies if P = 1 (or the origin uses unicast), Figures 29(b) 

and 29(c) show that, if P > 1 (or the origin uses multicast), the file should only be stored at the 

proxies if the total request rate N is small and β is small. In other words, the cost of a proxy stream 

must be significantly lower than cost of an origin stream to compensate for the less sharing 

available for proxy streams, compared to the sharing available for origin streams if all clients 

retrieve the file from the origin. Note that, in this case, the assumption of unconstrained proxy 

resources may be reasonable. Note also that an all-or-nothing caching policy, which stores either 

the full file or no file at all, is much simpler to implement than a caching policy that stores file 

prefixes of variable length. 

In contrast with the results in Figure 29, Figure 30 shows that the optimal proxy content for 

BWSkim+Batch(3) for P = 10 and P = 100 includes file prefixes in several regions of the design 

space. Most importantly, for the parameter values where BWSkim+Batch outperforms BWSkim, 

BWSkim+Batch caches a file prefix. We point out that BWSkim+Batch(2.2) is even less cost-

b) Multicast Origin 

Figure 29: Optimal Proxy Content for BWSkim[/U](2) 

(unconstrained proxy servers, one file) 
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effective, compared to BWSkim(2), than BWSkim+Batch(3). Therefore, for unconstrained proxy 

servers, BWSkim(2) is always preferred over BWSkim+Batch(2.2). 

We now discuss the significance of the optimal solution, computed using the design models, 

for a scalable CDN. Firtst, we point out that the difference, in terms of the total delivery cost, 

between a CDN that uses the preferred protocol and stores the optimal content and a CDN that uses 

a less preferred protocol and stores non-optimal content can be very significant. Figure 28 shows 

that it can be as high as 40% for the cases when BWSkim+Batch(3) is the optimal protocol, in 

which case the optimal proxy content is a file prefix, and BWSkim(2) is used. Furthermore, even in 

the cases where BWSkim(2) is the preferred protocol, storing non-optimal content at the proxies 

(i.e., full file when the optimal content is no file at all or vice versa) can significantly increase total 

delivery cost (up to 200% in some cases), as will be shown in the next section.    

The optimal all-or-nothing storage results for CDNs that use BWSkim(2) contrast sharply with 

results in previous works on unconstrained proxy storage strategies for CDNs that use either the 

scalable Partitioned Dynamic Skyscraper (PDS) [57] or variations of the patching protocol [118].  

In [118], the authors propose the use of prefix caching and batching but do not compare it against 
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streaming the whole file from only one server. Our results show that, in a BWSkim(b) system, 

which is based on a more efficient streaming protocol than the PDS protocol, batching of clients for 

origin streams is not more effective than the very efficient bandwidth skimming merges that occur 

in the streams delivered by the proxies or by the origin. 

Figure 31 shows the percent increase in delivery cost for BWSkim(1.2), compared to 

BWSkim(2). The optimal proxy storage is the same for both policies in nearly every point of the 

design space. Thus, the cost difference is due to the lower merging efficiency for smaller values of 

b. As N/P increases, the cost increase converges to 200%, which implies that the optimal delivery 

cost increases by at most a factor of three if client bandwidth is limited to 1.2 streams (i.e., for 

higher quality videos). 

Based on these results, we draw the following conclusions for provisioning CDNs based on 

unconstrained proxy servers with an optimal delivery protocol and a storage policy: 

• BWSkim+Batch(3) and file prefix caching are the most cost-effective strategies only if the 

origin uses multicast delivery, the number of proxies is large, arrival rate at each proxy is low 

and for intermediate values of β  (i.e., P > 10, N/P ≈ 1 and β = 0.1, as in Figure 28(c)). In all 
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other regions of the design space, the simpler BWSkim(2) and all-or-nothing storage strategies 

are (nearly) optimal. 

• In a bandwidth skimming CDN, a given file (or file prefix) is stored at the proxies only if: (a) 

the origin uses unicast (or P = 1) or (b) β  = 0 or (c) β, P and N/P are small. Furthermore, if the 

origin uses multicast, the larger the value of P, the lower the value of β  must be so that it is 

cost-effective to store content at the proxies, (e.g. β  ≤  0.5 for P ≤ 10 or β ≤ 0.1 for P >10). 

The cost-effectiveness of storing content at proxies is further discussed in the next section. 

• BWSkim(1.2) increases the delivery cost by up to 200%, which might be reasonable, given it 

allows the delivery of  higher quality videos to the clients. 

6.3 Clar ifying the Cost-Effectiveness of Proxy Servers in Scalable CDNs 

The results in the previous section showed that, if origin uses unicast, replicating content at 

multicast-enabled proxies is always cost-effective in reducing bandwidth requirements. However, 

if the origin uses multicast, storing a file or a file prefix at the proxies is only cost-effective if the 

cost of a proxy stream is much lower than the cost of an origin stream (i.e, β  is small) or the total 

request rate N is small. If N is small, the limited opportunity for sharing of origin streams makes it 

advantageous to store content at the proxies. However, if N is very small, multicast is not very 

effective. As N or β  increases, storing content at the proxies becomes less attractive as it is more 

cost-effective to let all clients share an origin stream. Note that a very small prefix might be stored 

at the proxies or at the clients in order to reduce start-up latency or for smoothing VBR streams. 

Figure 32 shows further data to clarify how small β must be for proxy caching to be effective. 

The total delivery cost is plotted as a function of the number of proxies, for given values of β  and 

total arrival rate N, using the optimal protocol at each point and assuming  the origin uses multicast. 
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Unless β  is a very smallfraction (approximately 1/P or less), adding extra proxy servers does not 

improve the total delivery cost. For instance, take the curves for β = 0.1 and note that the total 

delivery cost decreases only up to P = 10. Furthermore, given a number of proxies, the total 

delivery cost is also lower for smaller values of N/P. Given these results, the experiments in section 

6.4 for proxy servers with constrained disk storage and bandwidth consider only β  ≤  0.1, if the 

origin server uses multicast. 

Figure 32 can also be used to illustrate the significance of the optimal proxy storage strategy 

for a given protocol. In particular, it can be used to determine the increase in the total delivery cost, 

compared to the optimal, if a file is not stored at the proxy when the optimal solution dictates it 

should be, for the cases when BWSkim(b) is the preferred protocol. Note that the curve for β =1/P, 

with decreasing delivery cost as a function of the number of proxies, consists of cases when the 

optimal proxy content for BWSkim(b) is the full file. Recall that for β = 0.1 and large values of N 

and P, it is more cost-effective not to store the file at the proxies, as shown in Figure 29. If the file 
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is not stored at the proxies, the total delivery cost obtained with β = 0.1 is the same as the total 

delivery cost obtained with any value of β (in particular, β = 1/P), since the required proxy server 

bandwidth Bproxy is equal to 0. Therefore, considering the cases when BWSkim(b) is the preferred 

protocol, for the regions of the design space where the optimal proxy strategy is not to cache the 

full file when β = 0.1 (i.e.  N = 1000 and P > 10), the difference in the total delivery cost for              

β = 1/P and β = 0.1 corresponds to the difference in the total delivery cost if the non-optimal 

storage strategy is used compared to the minimum delivery cost (obtained with the optimal proxy 

content). As shown in Figure 32(c), the increase in total delivery cost can be very significant (up to 

200%). A similar approach can be used to show that, for the cases when BWSkim+Batch(b) is the 

preferred protocol, using a non-optimal proxy storage strategy can be significantly sub-optimal. 

6.4 Storage Content for  Constrained Proxy Servers 

This section uses the cost models to provision a CDN that has limited proxy storage capacity and 

disk bandwidth with a delivery protocol and storage policy that (nearly) minimizes the total 

delivery cost defined in equation (5). Considering a set of origin media files, each with a different 

access frequency, the main goal is to obtain insights into which fraction of each file should be 

stored at the proxies and which delivery protocol has higher performance in the scenarios, 

identified in sections 6.2 and 6.3, where storing content at the proxies is cost-effective, i.e., if the 

origin server uses unicast or β  ≤  0.1 (for P ≤ 100). 

The optimal delivery protocol and storage strategy is obtained by solving the optimization 

outlined in section 6.1 for each protocol and set of parameter values, with constraints on the 

required proxy bandwidth (Bproxy) and required storage space, defined as the sum, over all files, of 

the fraction of the file cached at the proxy times the file length. Simple storage strategies that 
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achieve nearly minimum cost are preferred over more complex, but truly optimal strategies. In 

particular, if the optimal solution includes a set of objects that must be enumerated, we further 

constrain the models to obtain a near optimal but simpler solution where the content can be 

specified by a simple range of relative access frequency and then compare the cost of both 

solutions. Additional parameters and modifications to the models to guarantee global optimality are 

discussed in sections 6.4.1 and 6.4.2. Relevant results for CDNs where the origin uses unicast and 

multicast delivery are summarized in sections 6.4.3 and 6.4.4, respectively.   

6.4.1 Additional Parameters  

The additional system and workload parameters needed for applying the models to CDNs with 

constrained proxy resources are shown in Table 18. We consider a set of n files of equal duration T, 

with total request rate (for all files) equal to M4, expressed as the unit of arrivals per time T, and file 

access frequency given by a Zipf distribution with parameter �  for all proxy servers. As in chapter 

5, we will vary n and set the value of �  = 0. The available proxy storage C is normalized and 

                                                   

4 Note that we use the symbol  M for the total request rate for all files whereas N was used in the previous 
sections to represent the total request rate for a given file. 

Symbol Definition 

T Media file duration (in minutes) 

n Number of media files, each of duration T 

pi Access probability for file i (determined by the Zipf-like distribution) 

M Total client arrival rate, in arrivals per T (all files) 

C Proxy storage capacity as a fraction of n×file size 

B 
Ratio of available proxy disk bandwidth to the average bandwidth required if the 
proxy fully stores all n files 

 

Table 18: Additional Parameters for Determining Optimal Content for Constrained 
 Proxy Servers in Scalable CDNs  
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expressed as a fraction of the total amount of data at the origin, as in chapter 5. The available proxy 

bandwidth is also normalized but the normalization process is different than the one used in chapter 

5. The available proxy bandwidth, B, is expressed as a fraction of *
2BWr × , where r is the average 

file streaming rate and *
2BW  is the average number of active streams that would be needed if the 

proxy fully stored all files. Given pi, the probability of an access for file i, determined by Zipf 

distribution, and M/P, the total arrival rate at each proxy, *
2BW  is calculated, using equation (2), as 

follows: 

   
=

×
+=

n

i

i

i

pP
M

pMBW
1

*
2 )1log(),(

η
η .            (13) 

To obtain realistic relative values of C and B, for given values of  M/P, T and n, we use an 

integral number of Ultrastar 72zX disks and MPEG-2 streaming rate of 4Mb/s. One such disk can 

hold approximately 44 hours and can sustain 42 concurrent streams of MPEG-2 content (Table 2 in 

chapter 3). Fixing C, M/P and n, shorter (longer) duration files will need a smaller (larger) number 

of disks. Thus, for a given value of C, the value of B will be smaller for shorter videos and larger 

for longer videos. In other words, by varying n and T, the relative difference between C and B is 

varied. In order to explore a wide range of values of C and B, we choose n, the number of files to 

be either 128 or 1024, and the file duration T to be either 30 or 120 minutes and vary the number of 

disks so that C  varies from 0.08 to 0.68. Furthermore, we vary M/P from 10 to 10000 so that B 

varies from 0.02 to values greater than 1. As a result, a wide range of absolute and relative values 

of C and B are included in the experiments. 
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6.4.2 L inear Cost Models 

The cost models developed in section 6.1 are based on sums of logarithms, which are non-linear 

non-convex functions, for which the algorithms for solving the optimization problem are not 

guaranteed to find a global optimal solution. In order to guarantee true optimal solutions, the 

logarithm functions are replaced by an expression that is based only on linear functions and binary 

variables. We use discrete values of ƒ, ranging from 0 to 1, in steps of 0.01, We pre-compute the 

bandwidths for each possible value of ƒ and store them in a table. Binary variables � k are 

introduced to indicate whether the fraction stored at the proxies is equal to the fraction stored in 

entry k of the table. The required origin and proxy server bandwidths are each redefined as a linear 

function of the variables � k, where each binary variable � k is multiplied by the pre-calculated 

bandwidth stored in entry k of the table. Note that only one variable � k  can be equal to 1, as it 

indicates which fraction ƒ of the file must be stored at the proxies. The modified model is a mixed 

integer problem which can be solved to true optimality using the efficient CPLEX solver, available 

as part of the GAMS system [27].  

6.4.3 Storage Content I f Origin Server Uses Unicast Streams 

If the origin uses unicast, the proxy content that minimizes delivery cost does not depend on P. 

Furthermore, as β increases, the relative cost of a proxy stream increases, but the proxy content that 

minimizes delivery cost for either BWSkim/U or BWSkim+Batch/U remains the same. Since suffix 

streams sent to clients of different proxies do not merge, the merging efficiency is the same 

regardless of the value of β. Thus, there is no motivation for storing different content as β  changes. 

The results shown below as well as in the next section are marked with the keywords “cap”, “bw” 
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or “both” to indicate when the optimal proxy content uses all the proxy storage capacity or proxy 

bandwidth or both, respectively.  

The optimal proxy content for BWSkim/U(2) consists primarily of full files, but for many 

configurations, the optimal content is a complex set of full files and a few file prefixes, as 

illustrated in Figure 33(a).  In all such cases, the near optimal solutions constrained to be any 

contiguous (with respect to their relative access frequency) set of full files, illustrated in Figure 

33(b) for the same configuration of Figure 33(a), yield total delivery cost within only 0.05% of the 

minimum. Thus, these near optimal solutions are presented in the remainder of this section.  

The (near) optimal all-or-nothing storage strategy for BWSkim/U(2) is significantly different 

from the results obtained in parallel studies which show that prefix caching is the optimal storage 

strategy [76, 144, 147] for CDNs with constrained proxy storage capacity but unlimited disk 

bandwidth. In order to understand the reason for this discrepancy, we solved the model for the 

same configuration used in Figures 33(a) and 33(b) (in particular, for the same values of C and 

M/P) but with proxy bandwidth, B, arbitrarily set to 1. Note that this value is three times larger the 

actual (realistic) value of B calculated based on the values of the other parameters and that 
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Figure 33: Example Proxy Content for BWSkim/U(2) 

(constrained proxy servers, unicast origin, C  = 34%, M/P = 1000, n = 128, T = 2h) 
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arbitrarily setting B to 1 is the same as removing the constraint on the proxy bandwidth. Figure 

33(c) shows that the optimal content (not constrained to be a contiguous set of full files) for this 

hypothetical scenario consists only of file prefixes, in agreement with the parallel results (in 

particular these results are very similar to the results obtained in [147] for a similar CDN 

configuration that uses the patching protocol). However, this configuration is not feasible for the 

expected disk technology trends and for the given request rate and number of files. For feasible 

configurations, our results show that with the same value of C and B used in Figure 33(c) (but a 

lower request rate M/P), the optimal proxy content does not include prefix caching (Figure 34(a)).   

Over the wide range of system parameters explored, we found that the delivery cost savings 

for BWSkim+Batch/U(3) compared to BWSkim/U(2) are very small (i.e., lower than 8%). 

Furthermore, we found that BWSkim+Batch/U(3) stores mainly prefixes at the proxies [11]. 

However, batching is restricted to clients in the same region and thus, is not very beneficial. Thus, 

if the origin uses unicast, the simple BWSkim/U(b) and all-or-nothing storage are the most cost-

effective strategies. 
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Figures 34(a)-(c) show the main trend in the optimal storage content for BWSkim/U(2) as B  

changes. For values of B ≥ 1, the proxy fully stores as many of the most popular files as possible. 

However, as B decreases and the system becomes bandwidth constrained, the proxy fully stores 

fewer and less popular files.  

Figure 35 shows that if client bandwidth is limited (as may be the case for streaming high 

quality content over non-broadcast networks), using BWSkim/U(1.2) increases the total delivery 

cost by up to 200%. The trends in the optimal proxy content for BWSkim/U(1.2) as a function of 

the parameter values are similar to the trends for BWSkim/U(2). Note that the results in Figures 34 

and 35 are very similar to the conclusions reached for unconstrained proxy servers. 

In BWSkim/U CDNs, the origin uses unicast to stream its content through the proxy to the 

clients. Therefore, a natural concern in such systems is whether the required proxy network i/o 

bandwidth is significantly higher than the proxy disk bandwidth (used to stream content that is 

stored locally). We found that if the proxies are not severely under-provisioned, in terms of storage 

capacity and disk bandwidth for the client load, the total network i/o bandwidth needed per proxy 

for streaming origin and local content is less than twice the per-proxy disk bandwidth.  
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6.4.4 Storage Content I f Origin Server Uses Multicast Streams 

For CDNs in which the origin uses unicast streams, the results in the previous section show that the 

simpler BWSkim/U(b) delivery protocol and an all-or-nothing storage policy yield (near) optimal 

delivery cost. Considering CDNs where the origin uses multicast streams, this section evaluates 

whether (and in which regions of the design space) prefix caching and batching clients from 

different regions together for origin suffix streams reduce cost significantly.  

Figure 36 shows that BWSkim+Batch(3) significantly reduces delivery cost (e.g., by more 

than 20%) primarily when β  ≤  0.1, P > 10, M/P ≥ 100 and B > 0.1. BWSkim(2) is preferred in all 

other regions of the design space. If M/P is small, multicast is not very effective and the optimal 

proxy content for both protocols is approximately the same (long prefixes or full file caching of the 

 most popular files). For very large M/P, B is very small (as illustrated in the top of Figure 36), the 

system is very constrained on bandwidth and, consequently, the optimal proxy content includes 

fewer and less popular data for both protocols.  We point out that these results are consistent with 

the results found for unconstrained proxy servers. In section 6.2, we showed that 

BWSkim+Batch(3) only significantly outperforms BWSkim(2) for small β, P > 10 and N, the per 

file request rate, approximately equal to 1. Note that M/P is the total request rate for all files. Given 

the Zipf distribution of access frequency, the per file request rate is very small for many files, for 

the intermediate values of M/P identified above. 

We also found that, as shown in Figure 37, BWSkim+Batch(2.2) reduces delivery cost over 

BWSkim(2) for the same configurations as BWSkim+Batch(3) and, perhaps surprisingly, by nearly 

the same amount, in spite  of  the  reduced  merging  efficiency  for  prefix streams.  Moreover,  the 
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optimal proxy content for BWSkim+Batch(b) is roughly the same for b = 2.2 and b = 3, for almost 

all configurations. 

Figures 38 and 39 show how the optimal proxy content for BWSkim+Batch(3) and 

BWSkim(2) varies, respectively, over the design regions in which each is the best policy. As is the 

case for CDNs where the origin uses unicast, the optimal proxy content for both protocols consists 

of less popular and fewer files as B decreases (Figures 38(a)-(b) and Figures 39(a)-(b)). We also 

observed the same trend as either β  or P increases. It is more  cost-effective  to  let  clients  retrieve 

Figure 36: Cost Savings of BWSkim+Batch(3) Compared to BWSkim(2) 
(constrained proxy servers, multicast origin, T = 2h) 
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most of the content (in particular the most popular content) from the origin as either β  or P 

increases, consistently with the results for CDNs with unconstrained proxies. Furthermore, if more 

disks are added to the proxies, BWSkim stores more files (Figure 39(c)) and BWSkim+Batch 

stores longer prefixes (Figure 38(c)).  

Figure 40 shows that, compared to the best strategy for b ≥ 2, using BWSkim(1.2) may 

increase the delivery cost significantly. The larger the proxy storage capacity, the  more  significant 
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Figure 37: Cost Savings of BWSkim+Batch(2.2) Compared to BWSkim(2) 

(constrained proxy servers, multicast origin, C=34%, n = 1024, T = 2h) 
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is the cost increase, because of the more limited merging efficiency of proxy streams for 

BWSkim(1.2).   

We also compute how much savings are achieved when the origin server uses multicast, as 

compared to unicast. Figure 41 shows some representative results for configurations in which the 

proxies are provisioned to handle a reasonable fraction of the origin load. These results show that 

unless the request rate at each proxy (M/P) is small or P = 1, the cost benefit of origin multicast is 
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Figure 39: Optimal Proxy Content for BWSkim(2) 
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very significant. For a CDN with P = 10 proxy servers and overall request rate at each proxy       

M/P = 1000, the bandwidth savings can be as high as 85%. This observation should encourage a 

wider deployment of IP or application level multicast protocols in the Internet.  

Finally, we point out that the results provided in this section and in section 6.2, though 

seemingly in conflict, are consistent with results from previous and parallel works. In the previous 

section, we show that if proxy disk space is limited but proxy disk bandwidth is unrealistically 

assumed to be unlimited (as in [76, 144, 147]), the optimal storage strategy consists of file prefixes. 

Furthermore, in the regions of the design space where batching is beneficial, the optimal storage 

content includes file prefixes. This is consistent with results reported in [118, 143, 144] which 

shows that prefix caching is optimal for a delivery protocol that uses batching of client requests for 

origin streams. However, unlike previous study, we also show that there is a vast region of the 

design space where batching and prefix caching are not effective in reducing the total delivery cost. 

In that region, the much simpler BWSkim(b) and all-or-nothing storage strategies are (nearly) 

optimal. 

6.5 Summary of the Chapter  

This chapter proposed three new alternative modifications to the scalable bandwidth skimming 

streaming protocol to enable proxy caching of file prefixes and developed efficient CDN design 

models that are applied to derive important insights into the cost-effectiveness of storing content at 

proxy servers and into the optimal proxy content, over a much wider and more realistic CDN 

configuration space than previous work. 

One key conclusion from this study is that storing content at multicast-enabled proxy servers  

is only cost-effective if: (a) the origin server uses unicast or (b) the file request rate is low (in 
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which case, multicast is not highly effective) or (c) the average cost of a proxy stream is a small 

fraction (1/P, or less, where P is the number of proxies) of the average cost of an origin stream, 

where the cost includes network and server costs.  This is in sharp contrast with unicast CDNs 

where storing content at proxy servers is always beneficial. We point out that, in the cases where 

proxy caching is cost-effective and if proxy storage and bandwidth are constrained, the 

optimization models developed in section 6.1 are sufficiently simple and efficient to be applied on 

line. For example, the solution time for the BWSkim(b), the optimal protocol for a large region of 

the CDN configuration space, or BWSkim/U(b) is on the order of a few minutes or less, for each of 

the experiments in section 6.4. 

By solving the optimization cost models over a wide CDN configuration space, we found that 

the more complex BWSkim+Batch(b) protocol significantly outperforms BWSkim(b) only if: (a) 

the origin uses multicast delivery, (b) the number of proxies is very large and (c) the per file 

request rate is small (N/P ≈ 1). Furthermore, in these limited regions of the design space where 

batching is beneficial, prefix caching is the optimal storage strategy. However, in the rest of the 

design space, the simpler BWSkim(b) without batching and an all-or-nothing storage policy 

(nearly) minimizes delivery cost.   This is in contrast to the previous result for the less efficient 

dynamic skyscraper systems [57, 58], in which batching and prefix caching is often optimal. 

Moreover, we found that, unlike conventional CDNs, where the optimal proxy content consists of 

the most popular files, the optimal proxy content for scalable CDNs consists of fewer and less 

popular files as the total request rate increases and/or as the ratio of the average cost of a proxy 

stream to the average cost of an origin stream increases. 

We found that, if client bandwidth is limited (e.g., if they can listen to only 1.2 simultaneous 

streams, and thus BWSkim[/U](1.2) is used), as might be the case for transmission of high quality 
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video over non-broadcast networks, the optimal total delivery cost is significantly higher than the 

optimal cost if the clients can receive at least two simultaneous streams. For example, for CDNs 

with ten proxy servers and average cost of a proxy stream that is 10% of the average cost of an 

origin stream, the increase in delivery cost is up to 200%, for large cache sizes. Furthermore, if the 

origin server uses multicast delivery, instead of unicast, the total CDN delivery cost is greatly 

reduced, motivating more effort into a wider deployment of IP or application layer multicast 

protocols in the Internet. 
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Chapter  7  

Designing Scalable CDNs Using More 
Precise Network Bandwidth Costs 

The previous chapter developed design models to determine the (near) optimal proxy content for 

scalable streaming CDNs assuming fixed server placement and a restricted server selection and 

routing strategy where each client contacts either a fixed proxy server or the origin server. Those 

CDN design models use approximate network bandwidth costs, represented by a constant ratio of 

the average cost of a proxy stream to the average cost of an origin stream. This chapter develops 

more elaborate and new CDN design models to determine the server content, server placement, 

server selection and routing that minimizes the delivery cost function defined in equation (3) in 

chapter 3, which includes more precise network bandwidth costs that take into account the 

bandwidth at each hop in the network path traversed from server(s) to client sites.  

We use the result from the previous chapter that states that the optimal proxy content includes 

only full files (instead of file prefixes) for a large region of the design space to assume that each 

file is fully replicated at a number of proxy servers. The design models will be solved to determine 

the number and placement of file replicas in the network, the selection of the replica that each 

client requests should be sent to and the routing of streams that the clients receive. Furthermore, the 

solutions obtained with the models will allow us to assess the cost-effectiveness of adding proxy 

servers to a CDN using a more accurate estimate of the minimum (server and network) delivery 
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cost than the one used in chapter 6.  Throughout this chapter, we refer to a server, either the origin 

or a proxy, as a replica server or simply a replica.  

Server placement and routing have been previously addressed in a number of studies, mainly 

in the context of conventional unicast delivery. However, for scalable streaming protocols, the 

optimal design of a CDN is much more complex as it has to deal with several new tradeoffs 

introduced by multicast delivery. In particular, as will be shown later in this chapter, the multicast 

trees that minimize total network bandwidth involve a complex tradeoff between minimizing 

distance and maximizing the number of clients that share the path segments. Therefore, unlike for 

unicast delivery, closest server and shortest path routing are not necessarily optimal strategies for 

scalable delivery. Also unlike for unicast delivery, routing decisions for different clients are not 

independent in scalable CDNs. Furthermore, computing the cost of a given replica placement  

involves finding the set of delivery trees from the replicas to the clients that minimize total 

bandwidth costs. In other words, placement and routing are not independent problems and must be 

solved jointly. However, the optimal solution for neither of them is known a priori. This greatly 

complicates the optimal CDN design problem. In section 7.3.1, we provide some quantitative 

examples to illustrate these complex tradeoffs.  

The remainder of this chapter is organized as follows. Sections 7.1 and 7.2 describe our 

methodology for creating realistic hop level Internet topologies and the specific system 

assumptions made for developing the CDN design models, respectively. Section 7.3 introduces the 

new CDN design models and the optimal solutions for a number of example systems. Insights into 

efficient placement and routing strategies for scalable delivery are derived in section 7.4 and used, 

in section 7.5, to develop efficient approximate algorithms. Section 7.6 summarizes the chapter. 
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7.1 Internet Topologies 

This section describes our methodology for creating network topologies, which are input 

parameters for the CDN design problem. The topologies should be realistic representations of the 

network where the CDN will be built so that the solutions obtained can be directly applied to 

practice. Here, we focus on creating Internet topologies. Thus, using realistic data that reflects the 

available connectivity of the Internet is preferred over random topology generators [6, 8, 29, 34, 

89, 102,154].  

A hop level Internet topology can be created at different levels of abstractions. At a higher 

lever, it is represented by an Autonomous System (AS) graph. An AS is a collection of routers and 

links that are under the same administrative domain. An AS is seen to the rest of the Internet as a 

single routing unit. BGP (Border Gateway Protocol [124]) is the protocol used to exchange path 

information between ASes and to create routing tables with information on how to reach each 

other. Router level topologies have a more detailed representation of the network, including 

individual routers and router interfaces.  In either case, the topology can be represented as a 

weighted graph, where weights represent network capacity or any economic factor that may be 

associated to each path (e.g., the cost of traversing an AS). For simplicity, we do not include such 

weights in the examples examined in this chapter. However, they can be very easily added to the 

topologies and to the methods developed.  

For a given set of client sites and access points for replica server placement, a topology might 

be obtained from the network service providers, from a database such as the CAIDA Project 

database [32] or from BGP tables and traceroute experiments, such as those described below. 
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The exact rules for charging multicast media streams in the Internet are still an open problem. 

It is not clear whether a stream should be charged for each AS or for each router that it crosses. 

Nevertheless, the optimal solution for a CDN design problem is determined in the same way for 

either type of network topology. Therefore, we create both AS level and router level topologies. 

We create topologies for sets of up to 12 client sites selected from the list of widely distributed 

client sites, shown in Table 19. These sites include universities, research labs and small Internet 

Service Providers (ISPs) located in four continents and represent sites where clients for distance 

education content or for other type of media content, such as entertainment content, might be 

located.  

Although the number of client sites used in our example topologies might seem small, we 

point out that they are widely dispersed. Intuitively, each client site can approximately represent a 

total client load that is actually distributed among a set of neighboring nodes. The dispersion of the 

client nodes, measured, for instance, by the maximum (or the average) distance between any pair of 

Table 19:  Example Client Sites 

Symbol Server Location Symbol Server Location Symbol Server Location 

AZ Univ. of Arizona, US CMU 
Carnegie Mellon Univ., 
US CO-AU Connect, Australia 

CU 
Carleton University, 
Canada EI-CH Eimer, Switzerland GU-UK 

Glasgow Univ.,      
U. K. 

IN-AU iiNet,  Australia MO-ES Metrored Online, Spain MU-AU 
Monash Univ., 
Australia 

OC-ES OCEA,  Spain OI-IT Officine Informat., Italy PW-FR PacWan, France 

SE-FR 
Univ. de St. Etienne, 
France SDSC 

San Diego Super-
Computer Center, US ST-IN 

National Centre for 
Software 
Technology, India 

SU Stanford Univ., US TE-AU Telstra, Australia TX 
Texas A&M Univ., 
US 

UCB UC-Berkeley, US UG-CH 
Univ. of Geneva, 
Switzerland UO 

Univ. of Oregon, 
US 

UW Univ. Wisconsin, US VY Vineyard.NET,  US XT-CA XeniTec,  Canada 
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client sites, is likely to have a stronger impact on the optimal placement and routing than the exact 

distribution of client load in a number of nodes located in a small neighborhood. Thus, the insights 

and conclusions obtained for our example client populations should be applicable to systems of 

similarly dispersion but perhaps with a larger number of client sites.  

Each site in Table 19 has a public traceroute server [140], which is useful for obtaining 

network topology data, as described below. We point out that, unlike many previous studies, our 

topologies consists of directed graphs to account for asymmetric paths, as observed in [97]. The 

following two sections describe our methodology to create router level and AS level topologies. 

Appendix D shows a few examples of the topologies created. 

7.1.1 Router Level Topologies 

The router level topology for a given set of client sites can be created by running a number of 

traceroute experiments5, over an extended period, from each client site to every other client site. 

Traceroute experiments should also be performed from each access point for replica placement to 

each client site, although many of these traceroute experiments might be omitted without 

significant loss of topology information if the access points appear in the traceroute data obtained 

at the client sites. In either case, the number of traceroute experiments should be large and the 

period during which they are performed should be long enough in order to collect as many different 

existing routes between any two nodes as possible. For the topologies used in this thesis, over 1000 

traceroutes were executed from each client site to every other client site, over a period of four 

weeks in May 2002. On average, at least 150 traceroutes between a source and a destination were 

                                                   

5 Each traceroute returns the sequence of routers (or router interfaces) reached along the path from one client 
to the other. 



 

 

150

successful. A traceroute is not considered successful if it does not return a complete path from the 

source to the destination. 

Figure 42 shows an example of a router level topology for four client sites selected from Table 

19, obtained using the traceroute experiments described above. We do not consider the bandwidth 

at the routers located at the same domain name as the client sites as part of the total network 

delivery cost. Thus, in the topologies, each client site is connected to the first router in the 

traceroute path that is not in the same domain name.  However, those routers can be easily added to 

the topology if necessary. Furthermore, to simplify the representation of the topology as well as to 

reduce the solution time of our techniques, we include in the topologies only the nodes that are 

located at path intersections, and label each path segment with a “weight” equal to the number of 

routers in the path.  Parallel paths that are longer than the given paths and do not intersect with any 

other path are not included in the topology because they will never be selected as part of the 

optimal routing. The resulting condensed topologies are used in the remainder of this chapter. 

7.1.2 Autonomous System Level Topologies 

The main sources of information for creating AS-level network topologies are publicly available 

BGP routing tables. Each BGP routing table, collected at a source AS, contains routing information 
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from the source to different destination ASes.  Each entry in a BGP routing table specifies an AS 

path, AS1, AS2, …, ASn, from the source located in AS1 to a destination address prefix located in 

ASn. One publicly available source of BGP routing tables is the University of Oregon Route Views 

project [126]. A collector (the Route Views router) connects to (or peers to) and collects routing 

information from dozens of different ASes around the world. The RIPE (Réseaux IP Européens) 

runs a similar project called RIS (Routing Information Service). It has seven collection points that 

peer to different ASes [125]. 

There are at least two previous approaches for creating AS level network topologies for a 

given set of sites: a) using the AS connectivity data from BGP routing tables (as done in [115]) or 

b) using the router level topology and mapping each router IP address to the AS it belongs to (as 

done in [85, 131]). The connectivity available at the BGP tables represents only contractual 

relationships between ASes rather than whether traffic is actually routed between them [26]. 

Furthermore, BGP tables show only the selected (best) routes rather than all possible routes stored 

in the router. Thus, using only BGP tables to obtain a topology may incur significant distortion of 

network connectivity [26]. Therefore, the latter method provides a much more accurate 

representation, assuming the router level topology includes all possible replica access points. In 

order to map an IP address into the AS it belongs to, one approach, used by the Skitter project 

[131] to create an AS level map of the Internet, is to use the mapping of IP address prefix to AS 

available at the BGP tables. 

We used BGP tables collected by both RouteViews and RIPE to create AS topologies using 

both methods. The topologies created by each method for the same four client sites used in Figure 

42 are shown in Figure 43. The topology in Figure 43(a) is created using only the BGP tables. To 

simplify the figure, we show only the paths between each client pair of up to 3 hops in length. The 
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topology in Figure 43(b) was created from Figure 42 and the mapping of each router IP address to 

the AS it belongs to, using the information in the BGP tables (as suggested in [131]). Note that 

Figure 43(a) contains paths that are not observed in any of the many traceroutes we ran. Thus, the 

topology in Figure 43(b) is more reliable. AS topologies used in the remainder of the chapter are 

created by mapping from the router level topology.  

7.2 System Assumptions  

The main system assumptions made throughout this thesis for developing our CDN design methods 

were discussed in chapter 3. This section elaborates on a few extra assumptions specific for the 

methods developed in this chapter.  

The multicast delivery tree for each server is assumed to have a fixed topology that is 

optimized for the given client sites (and corresponding current client request rates) and set of 

optimal replica placements, where a client site is a group of clients located in the same domain 

name (for router topologies) or in the same AS (for AS topologies). In other words, the topology 

does not change every time a client joins or leaves the multicast group. For popular objects, clients 

Figure 43: AS Level Topologies for  Example Set of Client Sites (all links are bi-directional) 
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from different sites are continually joining the multicast tree. Thus, we expect a fixed topology 

optimized in this way to have high performance.  

However, we point out that, as with any CDN, including web CDNs, the delivery trees and, 

possibly, the replica placement might need to be updated in response to significant changes in the 

workload. In particular, if the client workload changes significantly from day to day, for instance, 

the CDN designer must decide whether it is more cost-effective to update the CDN configuration 

after each day (e.g., during the night) to reflect the expected load on the following day or whether it 

is more cost-effective to keep the same CDN configuration (i.e., the one that is optimized for the 

day with highest total load) during multiple days. In that case, the CDN designer must compare the 

cost of updating the CDN configuration after each day and the cost increase (compared to the 

optimal cost) if the same CDN configuration is used during multiple days. We also point out that 

the number and placement of servers may need to be updated only when the set of client sites 

change. If the client sites remain the same but the request rates from each client site change, the 

optimal CDN design can be constructed by simply updating the content stored at each server, 

which is a much cheaper operation than moving servers around the network. 

The total network bandwidth is expressed as a weighted sum of the bandwidth required for 

each hop in the delivery tree, where a hop is an AS in AS level topologies, or a link between two 

routers, in router level topologies. Per hop network bandwidth, expressed as the average number of 

concurrent streams sustained through a hop, as well as server bandwidth are calculated, as in 

chapter 6, using the previously derived formulas for required bandwidth for scalable delivery 

protocols. The cost models developed in chapter 6 assumed the bandwidth skimming protocol and 

calculated server bandwidth using equation (1) (in section 2.5.2). The cost models developed in this 

chapter are general enough to be applied to different delivery protocols such as patching [82] and 
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periodic broadcast [83], in addition to bandwidth skimming. Given N, the request rate (or demand), 

of the clients that share a given server (or a given hop of the delivery tree), the average number of 

concurrent streams from the server or over a network hop are calculated using equation (1) for 

bandwidth skimming. Similarly, server or per hop network bandwidth is given 

by 112)( −+= NNB , for patching [62] and by a  constant, say B = 8, for periodic broadcast, 

where the constant is determined based on the desired client startup latency for the server and for 

each segment of the delivery tree. 

In this chapter, we develop methods for constructing the minimum cost CDN for a single file, 

recognizing that each file may have a different optimal number and placement of servers. 

Furthermore, we assume that the file is fully replicated at all servers based on our result from the 

previous chapter that show that full file caching outperforms prefix caching in a very large region 

of the design space where replication of a popular file is desirable. The methods can be modified in 

the future to account for client interactivity by using the appropriate bandwidth calculations such as 

those recently proposed in [88, 135]. Furthermore, the solution for multiple files sharing the same 

placement can be easily formulated from the single file case. The methods developed in this 

chapter can also be applied to multiple files by solving them separately for each category of file, 

where a category is defined by “similar” client request rates, and then defining a method for 

merging the solutions in order to obtain a global solution with (near) optimal delivery cost. Other 

future extensions to our methods, discussed in chapter 8, include the simultaneous solution for 

multiple files allowing varying constraints on sharing of placement and routing among the files.  

Finally, we consider optimal and near-optimal multicast delivery trees that may not be suitable 

to be implemented using current IP multicast protocols, which, in theory, construct reverse shortest 

path trees [63, 81]. However, the delivery trees may be constructed in application layer multicast 



 

 

155

[45]. Sections 7.4 and 7.5 compare the delivery costs of the solutions with the (near) optimal trees 

against solutions where each delivery tree is the tree of shortest paths.  

7.3 Optimal Replica Placement and Routing 

This section introduces the new design models that are used to determine the file replica placement 

and routing that minimize total delivery cost of a scalable CDN. Section 7.3.1 provides some 

quantitative motivating examples that show that the CDN that has minimum total delivery cost for 

conventional unicast streaming of a given file may be significantly suboptimal if a scalable 

multicast delivery protocol is used.  Sections 7.3.2 and 7.3.3 provide the simple basic formulation 

of the minimum cost model for scalable CDN as well as modifications to the model that are 

required to produce exact solutions. Section 7.3.4 provides some optimal systems computed from 

the model for a number of example Internet topologies and client loads. 

7.3.1 Motivating Examples 

This section provides some quantitative examples to illustrate that: (a) the replica placement and 

routing strategies that minimize total delivery cost for a CDN that uses conventional unicast 

streaming may be very different from the optimal strategies for a scalable streaming CDN, (b) if 

the strategies that are optimized for conventional streaming are used for scalable delivery, the 

increase in total delivery cost may be significant and, thus, (c) designing optimal scalable systems 

is a complex optimization problem. 

In Figures 44 and 45, we consider two network topologies that capture the router level 

topology of the Internet 2 backbone [56] with client sites located close to a number of nodes in the 

backbone. Client sites are indicated by circles, darkly shaded when they are locations for replicas 
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and lightly shaded otherwise. Network paths that are not used by any delivery tree are shown as 

dashed lines and the optimal routing (delivery trees) are shown as directed arcs.   

Figure 44 shows results for optimal routing to six client sites given a fixed replica placement 

at a seventh client site. Figure 44(a) shows the optimal routing for conventional unicast streaming, 

while Figure 44(b) indicates the routing for scalable streaming. In both cases, all clients are 

assumed to have equal demand for the objects stored at the server. The optimal routing in Figure 

44(b) includes a path to the rightmost client site in the diagram that is not the shortest path. The 

reason for this is that the average bandwidth requirement for the first five hops in the shortest path 

is higher than the incremental bandwidth along the six first hops of the optimal path, which is 

shared among other client sites. This example illustrates that the optimal routing for a client does 

depend on the routing decisions made for other clients. If the CDN in Figure 44(a) is used for 

scalable multicast streaming instead of that in Figure 44(b) and if the request rate from each client 

site is N = 1000, there is a 26% higher cost in terms of network bandwidth. 

Figure 45 shows the optimal placement of two replicas and the optimal routing for six client 

sites, assuming all clients have equal request rate N except for the client marked with ‘*’ , which 

has request rate equal to N/2. For conventional unicast streaming, Figure 45(a) shows that the 

replicas are optimally placed close to the client sites that have higher request rate (i.e., the higher 

* * 
Client site Client site where replica server is placed Backbone router 

Figure 45: Optimal Replica Placement 
and Routing 

a) Conventional b) Scalable 

Figure 44: Optimal Routing 
(fixed replica placement) 

a) Conventional b) Scalable 
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demand client sites), while the lower demand client site is served through a four-hop path. In the 

optimal scalable system, shown in Figure 45(b), one replica is placed at the lower demand client 

site. The average distance from the higher demand client sites to its closest server is slightly higher 

than in the conventional system, but so is the degree of sharing in those paths. The bandwidth 

savings from avoiding the four-hop path to the lower demand client site offsets the increase in 

bandwidth in the paths to the high demand client sites. For N = 1000, if the system in Figure 45(a) 

is used for scalable delivery instead of the system in Figure 45(b), total network bandwidth 

increases by 26%. 

 Furthermore, unlike for unicast CDNs, where the total server bandwidth does not depend on 

the number of replicas, the total server bandwidth for scalable systems increases significantly as the 

number of replicas increase, because each server has bandwidth that is sub-linear in its client 

request rate. As an example, for the system shown in Figure 45(b), the total server bandwidth 

increases by 40% if a third replica is (optimally) added to the CDN.  

7.3.2 Basic Optimization Model 

This section develops the basic formulation of the CDN design model that determines the number 

and placement of replicas and the delivery tree(s) that minimize total delivery cost, expressed as a 

(weighted) sum of the total network delivery cost and the total server delivery cost, as shown in 

equation (3) (chapter 3). The optimization model is solved to determine the optimal placement and 

routing (i.e., multicast delivery trees) for a given number of replicas and for given network 

topology, client sites and request rates, locations of the access points for replica placement, and the 

relative cost of per hop network bandwidth and server bandwidth. The optimal number of replicas 

is determined by comparing the minimum delivery costs for different number of replicas and 

choosing the most cost-effective option.  
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The subset of all parameters, defined in chapter 3, that are used for defining the CDN design 

models presented in this chapter are summarized in Table 20. They include the set of nodes, arcs 

and arc weights that define the network topology, the set of access points for replica placement, the 

client sites and their demands (request rates or loads), the number of replicas to be placed and the 

ratio of the cost of one unit of server bandwidth to the cost of one unit of per hop network 

bandwidth. The main outputs of the model, also shown in Table 20, are the optimal replica 

placement (the set of nodes S*), and the optimal routing (i.e., multicast delivery trees), which is 

determined from the loads Ni,j, for all arcs (i,j) in the set A. The load on an arc is defined as the sum 

of the request rates of all clients that share that arc in the delivery tree. The model also computes 

total network bandwidth and total server bandwidth as a function of these variables. We assume all 

hops have equal cost per unit of bandwidth and the weights are used to represent the number of 

hops in each path segment of the condensed topologies created as described in section 7.2.  

Table 20: Input Parameters and Outputs of the Cost Model for  Placement and Routing  

Parameter Descr iption 
V Set of nodes {1, 2, 3, … n}  
A Set of directed arcs  { (i,j)} ,  i ,j∈ V  
wi,j   Weight on arc (i,j) ∈ A (i.e., relative cost of one unit of bandwidth on the arc) 
S Access points for replica (i.e., server) placement  (S  ⊆ V) 
CV Client sites (CV ⊆ V) 
N Set of client loads: N = {Ni: Ni > 0 if  i ∈  C  and  Ni = 0 if  i ∈  V - C  }  
m Number of replicas to be placed 

γ Ratio of cost of one unit of server bandwidth to cost of one unit of network 
bandwidth over a hop 

S* Set of replica server nodes in the optimal delivery network  (S* ⊆ S)  
Ni,j   If arc (i,j) is in a multicast tree, sum of loads of the clients that are served via 

arc (i,j)  
Bnetwork Total network bandwidth summed over all arcs 
Bserver Total concurrent server bandwidth summed over all servers 
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The fundamental optimization model is defined in Figure 46. The goal is to minimize the total 

delivery cost over the possible values of S*  and Ni,j, for all arcs (i,j) in set A. The optimization is 

subject to constraints that guarantee that: (1) the number of replicas is equal to the input parameter 

and (2) total traffic out of any node that is not chosen for placement of a replica is equal to the total 

flow into the node minus the load at the node (which is nonzero if the node is a client site).  Note 

that the model described in Figure 46 does not include constraints to reflect the capacity (i.e., 

maximum bandwidth) of a given network hop or the maximum bandwidth that any given replica 

access point can sustain. However, we point out that these constraints could be very easily added if 

Figure 46: Optimization Models for  Defining Replica Placement and Routing for                     
Scalable CDNs 

minimize    Bnetwork+ γBserver 
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necessary.  We also point out that the model can be used to compute the optimal routing for a given 

replica placement by specifying S* as part of the model input and solving only for the loads Ni,j.  

The model can be applied to any of the previously proposed scalable streaming protocols by 

using the appropriate formula to compute Bserver and Bnetwork. The formulas for bandwidth skimming, 

patching and periodic broadcast are shown in Figure 46. The bandwidth calculations for 

conventional unicast streaming are also provided, for the sake of completeness.  Recall that the 

required server bandwidth for bandwidth skimming depends on the available client receive 

bandwidth, which determines the value of the constant η.  Instead of choosing a specific client 

bandwidth, we choose to follow the same approach as in [155] and use η = 1, derived in [61] for 

infinite client bandwidth. In that case, the formula is a lower bound on the required server and 

network bandwidth for any client bandwidth. We expect the main insights and conclusions to be 

the same for different values of η, i.e., different client bandwidth.  

For a replica server connected to a given AS, in an AS level topology, the network delivery 

cost may include the bandwidth inside the AS. In this case, the replica access point should be an 

extra node (i.e., a “stub”) that is connected only to the AS node and has no client load. In other 

words, in an AS topology, replicas are placed at stub nodes. A link from a stub to AS A represents 

the utilized links within A; a link from AS A to AS B represents the utilized links within B and so 

forth. Similarly, for router level topologies, for a replica server that is connected to an internal 

router, a stub is used to represent the bandwidth to route from the network where the server is 

actually placed to that router. This is because an internal router may be actually a transit router that 

is not part of the network where the replica is placed. 

We have presented definitions for Bserver and Bnetwork for four protocols. For unicast streaming 

and periodic broadcast, the model is a mixed integer linear programming problem and can be 
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efficiently solved. For bandwidth skimming and patching, the model includes logarithm or square 

root functions, which are non-linear and non-convex. As in the previous chapter, for such models, 

the optimization algorithms do not guarantee true optimality. Next section describes the techniques 

used, one of which is similar to the one used in the previous chapter, in order to guarantee true 

optimality in the model solution.  

7.3.3 L inear Optimization Model 

This section describes the modifications applied to the bandwidth skimming model in order to 

guarantee true global optimality. Similar modifications can be made to the patching model. It also 

introduces new constraints that are based on our knowledge of the optimal configuration and are 

added to the model in order to improve the solution time.  

We use two techniques for replacing the logarithmic functions by expressions that are 

modeled with linear functions and binary variables. In either case, the modified model is a mixed 

integer programming problem and can be solved to global optimality.  One technique is similar to 

the one described in chapter 6.  We use a table of pre-calculated bandwidth with one entry for 

every possible values of Ni,j (partial sums of the client loads) and use binary variables � i,j,k and � i,k  to 

indicate whether the load Ni,j on a link (i,j) or the total load for a server, respectively, is equal to 

entry k in the table. Bserver and Bnetwork  are then redefined as linear functions of � i,j,k and � i,k  and the 

pre-computed bandwidths.  

The solution time for the model that uses the table of pre-computed bandwidths becomes 

prohibitively long as the number of partial sums increases. To improve the efficiency of the 

algorithm, we use an iterative strategy based on the solution of increasingly accurate models. We 

start by constructing a table with fewer entries. The solution obtained with the model with a shorter 
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table is not necessarily optimal but can be used as a starting point for a more accurate model that 

uses more entries in the table. This process is repeated until the model with the complete table is 

solved.   

The second technique approximates the logarithm function by a piecewise linear function. 

Because of the asymptotic nature of the logarithm function, a good approximation can be obtained 

with a small number of pieces. Binary variables are introduced to indicate in which “piece” the 

load Ni,j lies. As with the first technique, the number of binary variables (equal to the number of 

pieces times the number of arcs) may be very large, resulting in very long solution times. As 

before, an iterative strategy can be used, where the solution of a model with fewer pieces is used as 

a starting point for a more accurate model. 

Further improvements in the solution time are achieved by adding the following extra 

constraints to the model, which reduce the search space that must be examined by the optimization 

algorithm:  

• A client node has only one parent in the delivery tree, i.e., for each node j∈CV, there is only 

one arc (i,j) ∈ A with nonzero Ni,j.  

• A node that is neither a client nor a server has at most one parent in the delivery tree; that is, 

for each j with j ∉ CV, j ∉ S*, Ni,j ≠ 0  for at most one arc (i,j) ∈ A. Furthermore, such nodes 

may have non-zero load on out-flowing arcs only if they have nonzero load along one 

inflowing arc. 

• Since we assume each replica is the full file and there are no constraints on server resources, 

each server is the root of a delivery tree and thus has zero load on all inflowing arcs. That is, 

Ni,j = 0  for all j∈  S* and all  (i,j) ∈ A.. 



 

 

163

These modifications reduce the model solution time significantly allowing it to be applied to 

realistic networks with up to 12 client sites with heterogeneous loads, interconnected by 100 nodes 

that represent path intersections, another 100 nodes that represent possible replica access points and 

replica placement constrained only to the client sites and to the access points. Larger problems 

might also be tractable if the heuristic solution, developed in section 7.5, is used as the starting 

point for the model to determine the optimal solution. Experimenting with this hybrid strategy is 

left for future research. 

7.3.4 Results for Example Client Populations  

In this section, the optimization models are applied to a set of realistic Internet topologies with 

example client populations in order to evaluate the solution feasibility and quantify the total 

network and server bandwidth cost increase if the replica placement and routing that are optimal 

for conventional unicast streaming are applied to scalable multicast systems. 

The overall approach we take is to solve the optimization model for different sets of client 

sites and, for each case, compare the optimal delivery cost for the scalable CDN against the cost of 

using scalable delivery in a CDN that is designed, for the same set of client sites, using the 

placement and routing that are optimized for conventional unicast delivery. The optimal placement 

and routing for unicast delivery are computed using the unicast model. Given a solution obtained 

with this model, we calculate the total cost if multicast streaming is used within it. In general, this 

cost comparison could be done for any of the scalable delivery protocols. Given its efficiency, we 

use the bandwidth skimming protocol for the experiments reported in this chapter.   

Since we do not have a quantitative relative cost of server and per-hop network bandwidth, we 

set  = 0. In this case, the goal of the optimization model is to minimize the total network 
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bandwidth, but it also reports the total server bandwidth for the solution. We plot the total server 

bandwidth (Bserver) and the total network bandwidth (Bnetwork) as a function of the number of 

replicas, so that the main factors that determine the total delivery cost are quantified for each 

solution.  

We have applied this methodology for a number of different AS and router level topologies 

with client populations with different degrees of dispersion. For example, we have solved for cases 

where all clients are located in different regions of the same country (e.g., the United States), in 

North America, in Europe and North America and in four different continents (America, Europe, 

Asia and Australia). Furthermore, we also varied the heterogeneity in the client’s request rates from 

no heterogeneity (i.e., homogeneous client request rates) up to 25-50% of the clients having lower 

request rates than the others. The precise values of the request rates are not as important as their 

magnitude. Thus, we experiment with client request rates equal to one of three values: Ni = 10,           

Ni = 100 or Ni = 1000. 

 The sets of client sites, represented by their symbols in Table 19, and the corresponding 

heterogeneous demands, used in the topologies considered in this chapter are shown in Table 21. A 

‘−’  indicates that a particular client site is not included in the set. Table 21 also shows, for each set, 

the number of client sites, the number of continents covered by the client sites and the maximum 

distance (in number of hops in the router level topologies) between any pair of client sites in the 

set,  as measures of client dispersion. For each set, we have created AS and router level topologies 

with heterogeneous client demands (as shown in the table) and with homogeneous client demands. 

Figures 47, 48 and 49 show a few representative results of these experiments. The caption of each 

figure shows the client sites, identified by the corresponding symbol in Table 19, client demands 

and the type of topology (AS or router level) used.  
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Figure 47 shows results for four router level topologies with heterogeneous client sites with 

different degrees of dispersion. For each topology, the graph shows the total network bandwidth 

(solid curves) and the total server bandwidth (dotted curves) as a function of the number of 

replicas. These results illustrate that using placement and routing strategies that are optimized for 

conventional delivery to design CDNs that use scalable delivery may result in significant network 

cost increase, compared to the optimal (50-150% for large number of replicas).  

Figure 48 shows the results for two AS topologies with heterogeneous clients. The observed 

network cost increases are much lower (i.e., up to 27%). Note that the sets of client sites used in the 

Heterogeneous Client Demands Ni ( / 1000 ) 
Client Set 1 Set 2 Set 3 Set 4 Set 5 Set 6 Set 7 

AZ 0.1 0.1 1 1 1 1 1 
CMU 0.1 0.1 0.1 1 1 1 1 

CU − − − − 0.1 − 1 

GU-UK − − − 0.1 0.1 0.1 0.1 

MU-AU − − − − − 0.1 − 
SDSC 1 1 1 1 1 1 1 

ST-IN − − − − 0.1 1 − 
SU 1 1 1 1 1 1 1 

TE-AU − − − − − 0.1 − 
TX 0.1 0.01 1 1 1 1 1 

UCB 1 1 1 1 1 1 1 
UO 0.1 0.1 0.1 1 1 1 1 
UW 1 1 1 1 1 1 1 

VY 0.1 0.01 1 − − − − 
UG-CH − − − − − − 0.1 

SE-FR − − − − − − 0.1 

Number of Client Sites 9 9 9 9 11 12 12 

Number of continents 1 1 1 2 3 4 2 
Max distance between 

client sites (in router hops) 
17 17 17 19 22 22 20 

 

Table 21: Sets of Client Sites Used to Analyze Alternative CDN Solutions                                       
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AS topologies for Figures 48(a) and 48(b) are the same as those used for the router topologies in 

Figures 47(a) and 47(d). The reason for the different cost increase for router and AS level 

topologies  is  the  different  lengths  of  the  paths  between client sites in the topologies and will 

be clear in the next section. The longer the lengths of the paths, the higher the cost increase 

associated 
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with the use, for scalable streaming, of placement and routing optimized for conventional unicast 

streaming can be. 

Figure 49 shows that the cost increase is also much less significant for homogeneous client 

sites. The maximum cost increase observed for all systems considered was only 15%. However, 

next section will show that the potential cost increase from using strategies optimized for 

conventional unicast delivery to design scalable delivery systems is significant, even if the client 

sites have homogeneous loads. 

The results in Figures 47-49 also show that the total server bandwidth for scalable CDNs 

designed using placement and routing optimized for conventional delivery may be significantly 

higher than the optimal (i.e., up to 30%).  Moreover, total server bandwidth increases significantly 

with the number of replicas because, on average, fewer clients share each server multicast stream. 

Whereas the benefit from adding replicas in a conventional CDN is clear, Figures 47-49 show that 

Figure 48: Cost Comparison of Optimal Conventional and Scalable Delivery Systems  
 for  AS Level Topologies  (heterogeneous clients) 

b)   8 client sites in US, 1 in India,                                
1 in UK, 2 in Australia 
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adding replicas in a scalable CDN may not be cost-effective. The optimal number of replicas for a 

CDN depends on the ratio of the cost of server bandwidth, to the cost of network bandwidth. Note 

that the same conclusion was reached in chapter 6. However, the models developed in this chapter 

use more accurate network bandwidth costs and, thus, are a more reliable and complete tool for 

determining whether adding an extra server to a scalable CDN is cost-effective. 

Figure 50 shows the optimal replica placement and routing for conventional and scalable 

delivery for five replica servers in the topology sed in Figure 47(c). The optimal solution for 

conventional delivery (Figure 50(a)) consists of placing all replicas at the clients with highest 

demands, which results in delivery trees with long paths to the low demand clients. The optimal 

solution for scalable delivery (Figure 50(b)) has replicas placed at clients that are farther away (in 

United Kingdom, Canada and India), even though those clients have lower demand. Thus, some of 

the high demand clients are served through slightly longer but mostly shared paths. If the 

conventional design in Figure 50(a) is used for scalable delivery, the total network cost is 66% 

higher than the optimal in Figure 50(b). Insights into when and why the optimal solutions for 

scalable and conventional delivery may differ are derived in section 7.4. 
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Summarizing, the key conclusions from these experiments are: (1) the optimal replica 

placement and routing for conventional unicast delivery may be significantly sub-optimal for 

scalable (multicast) delivery, (2) efficient heuristics are needed to obtain approximately optimal 

strategies for larger number of client sites and (3) the optimal number of replicas (servers) involves 

a tradeoff between total network bandwidth cost and total server bandwidth cost that is challenging 

to quantify. 

7.4 Insights for  Replica Placement and Routing 

This section analyzes simple topologies in search for insights into efficient placement and routing 

strategies for scalable delivery. The quantitative insights are drawn for the bandwidth skimming 

protocol though we expect them to hold for any protocol that has bandwidth requirements sub-

linear (but not constant) with client load. For periodic broadcast or live streaming, in which the 

network and server bandwidth are independent of the client demand, Fei et al developed a number 

of routing heuristics in [67]. Sections 7.4.1 nd 7.4.2 analyze routing and simple placement 

strategies, respectively. This analysis leads to the development, in section 7.5, of efficient 

heuristics for designing scalable CDNs with near optimal delivery cost. Section 7.4.3 provides 
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insights into why and when the optimal placement for conventional delivery is significantly sub-

optimal, as observed in the previous sections. 

7.4.1 Insights for Routing Strategies 

We are aware of only one previous study that addresses routing for scalable delivery assuming per 

hop network bandwidth that is dependent on the load at the clients that share the hop [155]. In this 

work, the authors propose two heuristics that build a multicast tree from a single server that uses 

bandwidth skimming delivery. The two heuristics build the tree by adding one client at a time, 

choosing at each step the client that can be added with a) the fewest number of extra links or b) the 

lowest incremental bandwidth cost. By comparing the two heuristics and the simpler shortest path 

routing, on large (600 – 6000 node) randomly generated network topologies, the authors find that 

adding clients based on the incremental cost performs best, but the bandwidth savings compared to 

shortest path routing are modest (only up to 16%).  These results seem to indicate that routing 

based only on the shortest distance from server to the client sites might be a good heuristic, given 

that it is very efficient [19] and it does not perform much worse than the more sophisticated and 

complex heuristic that takes into account both distance and sharing to measure the incremental 

bandwidth cost associated with a routing decision.  Furthermore, compared to shortest path routing, 

adding clients based on the number of links, which is simpler than the other heuristic, though 

sometimes better, can result in total cost up to 40% higher.  

In this section, we re-evaluate the use of shortest path for scalable routing but, unlike in [155], 

we use the optimal strategy as benchmark to determine how far from the optimal (in terms of 

delivery cost) it can be. In other words, we search for the worst case performance of the tree of 

shortest paths. We expect to obtain more conclusive results into the performance of shortest path 

routing for scalable delivery. We also look for the worst case performance of the tree of fewest 
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links, if used for scalable delivery. Unlike in [155], we use the actual tree of fewest links instead of 

a heuristic to build it.   

As a starting point, we note that the optimal strategy for protocols such as bandwidth 

skimming or patching, for which the per hop network bandwidth depends on the load on the hop, 

lies in the solution of a complex tradeoff between minimizing distance from replica to clients and 

maximizing path sharing. When choosing between paths of equal length for routing to a new client, 

it is always more cost-effective to choose the path that allows for more sharing because the 

incremental bandwidth along that path, due to the new client, is the lowest. When choosing 

between paths with equal amount of sharing, the shortest path is always the best. Selecting the 

optimal path becomes significantly more complex if the alternative paths have different lengths and 

different degrees of sharing. Furthermore, note that the tree with fewest links from a server to a 

given set of clients allows for the maximum sharing.  Thus, each one of the tree of shortest paths 

and the tree of fewest links represents one extreme of the tradeoff involved in the optimal tree. 

Furthermore, both the tree of shortest paths [19] and the heuristic to build the tree of fewest links, 

proposed in [155], are easy to compute. By evaluating the two trees, we evaluate the impact of each 

of these extremes on the optimal solution, which might lead us to insights into whether more 

complex strategies, such as the minimal incremental cost heuristic proposed in [155], are more 

appropriate than these simpler heuristics. 

More precisely, this section compares the network delivery costs of two canonical delivery 

trees, namely the tree of shortest paths (tsp) and the tree with fewest links (tfl) against the optimal, 

referred to as the network delivery cost of the tree of minimum cost (tmin). Let Bfl, Bsp and Bmin 

denote the network delivery cost of each tree, respectively. Using a simple topology, with only two 
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clients, we derive the maximum delivery cost increase, compared to the minimum cost, if each tree 

is used for scalable delivery.  

Before introducing the maximum cost increase associated with tsp and tfl, we show, in Figure 

51, two numerical examples that illustrate how each tree can relate to tmin and the tradeoff that 

defines the optimal solution. Each topology in Figure 51 has one server that uses bandwidth 

skimming to deliver streams to two clients A and B, with demands NA and NB shown in the figure. 

In each case, the possible trees that can be built, given a hypothetical underlying topology, from the 

server to the clients are shown. In Figure 51(a), there are two trees. Each path segment in a tree is 

labeled with the length (in number of hops) of the segment. Assuming the network bandwidth 

formulas for bandwidth skimming given in Figure 46, it is easy to show that, in Figure 51(a), tfl 

incurs a 73% higher total network bandwidth for serving clients A and B than tsp, which is optimal 

since there are no other paths in this topology.  Similarly, in Figure 51(b), there are two trees: tfl is 

optimal, and tsp uses 38% more network bandwidth.  These simple examples show that either tree 

can be optimal but either one can also incur significant cost increase. Other examples can be easily 

constructed to show that there are cases where neither tree is optimal.  

Figure 51:  Comparing Tree of Shortest Paths and Tree of Fewest L inks Against Optimal 
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The examples in Figure 51 also show that the optimal tradeoff between maximizing sharing 

and minimizing distance is complex. Using shared paths, as in the tree of fewest links, is not cost-

effective for scalable delivery if the paths are “much longer”  than the (less shared) shortest paths 

(as in Figure 51(a)). On the other hand, the maximum length of a (shared) path such that it is more 

cost-effective than the shortest path depends on the sharing allowed on each path. 

The expressions for the maximum penalty, in terms of network delivery cost increase, from 

using either tsp or tfl for scalable delivery, for an arbitrary topology with one server and two clients 

are derived in appendix E. The conclusions from these results, which are key to the development of 

heuristic algorithms in section 7.5 are: 

• the maximum penalty associated with tfl is, in theory, unbounded. In practice, this bound is 

limited by the maximum length of a path segment in the Internet and the exact formula is 

provided in appendix E. The important point is that it can be very high if the load at one of the 

clients is significantly higher than the load at the other client. This result indicates that routing 

heuristics that are based only on maximizing sharing, by using the fewest number of links 

possible, may result in high delivery cost, compared to optimal, and thus are not reliable for 

routing clients in systems that use scalable protocols such as bandwidth skimming and 

patching.  

• using tsp for scalable delivery incurs the highest cost increase if the non-shared path segments 

in the tree are very long compared to the shortest distance between the clients. For example, in 

Figure 51(b), the non-shared path segments of tsp have each length 10, whereas the shortest 

distance between the clients is 2. However, we found that, unlike tfl, the maximum penalty 

associated with tsp is bounded. In particular, an upper bound on the penalty of using tsp for 

given server and two clients is derived as 1/(f +1) ≤ 100%, where f is the ratio of the shortest 
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distance between the two clients and the sum of the lengths of the unshared segments in the 

tree of shortest paths. Upper bounds on the penalty for f = 1/10, 1/5, ½ and 2 are 90%, 83%, 

66% and 33%, respectively. Although the bound is derived for two clients, it could be used to 

estimate the maximum penalty of tsp with a larger number of clients by considering each pair of 

clients at a time.  

• in spite of the bound, the maximum penalty associated with shortest path routing, in general, 

may be significant (more so than demonstrated in previous work). Thus, it may be worth using 

more sophisticated heuristics, such as the one proposed in [155]. In section 7.5, we evaluate 

two variants of this basic heuristic, generalized for the case of multiple replica servers, and 

shortest path routing, compared to the optimal solution, for a number of realistic Internet 

examples.  

7.4.2 Insights for Replica Placement Strategies 

The best previously proposed heuristic for placement of replicas in conventional CDNs is a greedy 

algorithm that places one server at a time trying to minimize an arbitrary cost function at each step 

[93]. It has also been shown that simpler rules such as placement of replicas close to the higher 

demand clients (hotspot) [115] or at the most connected nodes (fan-out) [85, 116] perform close to 

the greedy algorithm [85, 115]. This section analyzes simple topologies in search for similar kinds 

of insights into efficient placement strategies for scalable CDNs. In particular, we investigate 

whether simple rules can perform well in this scenario.   

In the case of only two client nodes, placing a replica at the highest demand client is always 

optimal.  However, for more general topologies, replica placement at the highest demand client can 

be significantly suboptimal.  In particular, we analyzed several topologies, one of which is shown 
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in Figure 52, in search for a simple rule for placement of the first replica. The topology shown in 

Figure 52 has three clients, A, B and C with demands NA ≤ NB ≤ NC and four (non-client) interior 

nodes.  The shortest distance between each pair of nodes is shown in the figure. We found that, 

depending on the lengths of the path segments and on the client demands, there are scenarios where 

the optimal placement of the first replica is at the lowest demand client (client A), at the client with 

intermediate demand (client B), at the highest demand client (client C) or even at any of  interior 

nodes. Analyzing these scenarios, we could only find rules for determining the optimal placement 

of the first replica for very specific cases. As an example, if client C has demand larger than the 

sum of the other clients’  demands, i.e., NC > NA + NB, then the first replica should be placed at 

client C. Moreover, if the clients are organized in a daisy chain, which is the case if the paths 

labeled with d6, d7 and d8 are deleted (i.e., do not exist) from Figure 52, the optimal placement of 

the first replica is at the client in the center of the chain, povided that NC < NA + NB.  For the more 

general case, the set of rules for determining the optimal placement depends, in a complicated way, 

on the exact values of the demands and lengths of the path segments. 

Given that we could not find a simple rule for determining the placement of the first replica 

that is valid for general scenarios, we use the result that the maximum cost increase, compared to 

optimal, of the tree of shortest paths is bounded as basis for a heuristic for first replica placement. 

This heuristic is described in section 7.5. In the remainder of this section, we seek insight into 
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Figure 52: Canonical Topology for  Placement of First Replica (NA ≤ NB ≤ NC) 
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efficient strategies for placement of extra replicas in a system where at least one replica has been 

previously placed.   

Since the number of links in the delivery trees and the load on each link are the two key 

factors that affect the total cost of a system, we evaluate two alternative heuristics: 

a) placement of replicas at the highest demand clients so as to reduce the load in the network  

(hotspot),  

b) placement of replicas at the clients that are reached through the longest paths so as to reduce the 

number of links in the delivery trees (distance). 

Figure 53 provides numerical examples that illustrate cases where each strategy is suboptimal. 

The simple topologies have two clients, A and B, with demands NA and NB, respectively, and a 

server previously placed at the top node (possibly closer to some higher demand clients, not shown 

in the figures).  We compare the total network delivery cost after a second replica is placed in the 

network using one of the two strategies described above. After the second replica is placed at one 

of the two clients, the other client contacts the closest server for the content. Considering only the 

two clients shown in the figure, Figure 53(a) shows a scenario where placing the second replica at 

the highest demand client (i.e., client B) is optimal, whereas placing it at the farthest client (i.e., 

Figure 53: Comparing Algor ithms for  Placement of a Second Replica 
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client A) results in a total network delivery cost increase of 60%. Figure 53(b) shows a scenario 

where the opposite is true and placing the replica at the highest demand client results in 100% 

network delivery cost increase compared to optimal6.  

These examples show that neither of two simple rules should be used for replica placement in 

a scalable system as the cost increase, compared to the optimal, can be very significant. In fact, it 

can be easily shown that the cost increase can be arbitrarily high for both strategies. For instance, 

one can think of a scenario where the distances from server to the two clients are approximately the 

same but the client that is (slightly) farther away, has a total demand much lower than the other 

one, in which case the distance algorithm would result in a total cost that that may be much higher 

than the optimal. A similar example can be constructed for the hotspot algorithm. Thus, unlike for 

conventional CDNs, simpler algorithms such as hotspot, fan-out or distance, are not good heuristics 

for scalable CDNs. 

We point out that, intuitively, one might expect that the hotspot placement, which is based 

only on the client demands, does not perform as well for a scalable system as it does for a 

conventional system because of the different relative impact of the demands on the total delivery 

cost on each system. For conventional delivery, total cost increases linearly with the client demand, 

whereas for scalable delivery, it increases only logarithmically. Thus, the impact of placing a 

replica at a higher demand client in reducing the total cost is lower for scalable systems. This point 

is further explored in the next section. 

Furthermore, these results indicate that a good heuristic for replica placement in scalable 

systems needs to consider both distance and demand of clients. As an example, for the simple 
                                                   

6 We point out that we also experimented with placing replicas at the most connected nodes (fan-out) and 
found it may be significantly sub-optimal in a number of simple scenarios. 
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topologies in Figure 53, the optimal solution is to place the replica at the client node that has the 

largest product of distance to the server and the logarithm of its demand. This product corresponds 

to a lower bound on the bandwidth savings if the second replica is placed at that client. We will use 

this insight to develop a heuristic for placement that is driven by the goal of maximizing the 

expected bandwidth savings. This heuristic is described in section 7.5.  

7.4.3 Replica Placement for Conventional and Scalable Systems 

In the process of searching for a simple rule for replica placement, we derived insights into why 

and when the optimal placement for conventional delivery may perform so poorly if used for 

scalable delivery, as shown in section 7.3. In this section, we shed some light into the reasons for 

why this might be the case. 

The key reason is the different relative impact of the demands of the clients on the cost 

associated with a placement for the two delivery mechanisms. For conventional delivery, the total 

cost associated with a placement increases linearly with both the distance from replica to clients 

and the demands of the clients. On the other hand, for scalable delivery, the total cost of a 

placement depends linearly on the number of links in the delivery tree but, for each link, only 

logarithmically on the demands of the clients that share that link. Thus, the effect of placing a 

replica close to a given client on reducing the total cost is different for conventional and scalable 

systems; consequently, the optimal placement might be different.  

As an example, when choosing between two clients for the placement of a second replica (as 

in the examples in Figure 53), if the client with highest demand is the one that is farther away from 

all other nodes, the optimal placement is the same for both conventional and scalable delivery, i.e., 

at the highest demand client, to avoid routing a heavy traffic over the longer path.  However, if the 



 

 

179

lowest demand client is farther away from all other nodes, the optimal placement may be different. 

There is a tradeoff between placing the replica at the high demand client and routing a light traffic 

over a long path or placing it at the low demand client and routing a heavier traffic over a shorter 

path. The solution for this tradeoff might be different for conventional delivery and scalable 

delivery, depending on the path lengths and client demands. For instance, if conventional delivery 

is used, the optimal placement of the second replica is at the highest demand client in both 

topologies in Figure 53.  

Note that, as illustrated in Figure 50, the reason for most of the significant differences in the 

optimal solutions for conventional and scalable delivery observed in our experiments lies on the 

solution of this tradeoff. Whereas the optimal solution for conventional delivery includes 

placement of replicas, mostly, at the highest demand clients (i.e., hotspot placement), the optimal 

solution for scalable delivery have some of the replicas placed at lower demand clients that are 

connected to the rest of the network through longer paths. By exploring the scenarios when the two 

solutions are different for a simple topology with one replica and two clients, where a second 

replica is placed at one of the two clients, appendix E shows that the cost increase, compared to the 

optimal cost, if the placement that is optimized for conventional delivery is used for scalable 

delivery, may be arbitrarily high.  

7.5 Heur istic Near-Optimal Distr ibution System Design 

This section proposes and evaluates a set of heuristic algorithms for computing the optimal number 

and placement of replica servers and routing for scalable systems. These algorithms require 

significantly less execution time than the optimization models and thus can be applied for 

designing large and heterogeneous scalable systems with near optimal delivery cost. The goal is to 
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produce solutions with total delivery cost very close to optimal for a broad range of network and 

client sites configurations. 

We propose and evaluate two alternative heuristics for placing the first and subsequent 

replicas in a network, based on the insights drawn in section 7.4. After each replica is placed, three 

alternative routing heuristics are proposed to determine the near optimal delivery trees from the 

replicas to the client sites. The placement heuristics are greedy algorithms that places one replica at 

a time and keeps previous placement fixed while computing a new placement. Similarly, two 

routing heuristics are also greedy as the client sites are added to the delivery tree one at a time. The 

routing heuristics are re-executed for all client sites after each new replica is placed. As in the 

formal optimization models, the heuristics are derived for a single file, with a given request rate 

from each client site, but they could be extended to handle multiple files. The heuristics assume 

that the trees of shortest paths from all access points for server placement and from all client nodes 

to all other nodes in the network are given. Each tree can be efficiently built using Dijkstra’s 

Algorithm, which has complexity O(|A|+|V|×log(|V|)) [19], where |V| and |A| are the number of 

nodes and arcs, respectively, in the topology.  

Sections 7.5.1 and 7.5.2 describe the placement and routing heuristics, respectively, which are 

based on the insights drawn in the previous section, and analyze their cost complexity. The 

heuristics are evaluated in section 7.5.3.  

7.5.1 Heuristics for Computing Replica Placement 

The following observations motivate us to use the tree of shortest path as basis for determining the 

placement of the first replica. First, our analysis in section 7.4 of routing strategies for a simple 

canonical topology shows that the maximum network cost increase (compared to the optimal) in 
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using the tree of shortest paths for scalable delivery is bounded and, depending on the topology, 

may be small. Second, shortest path routing has been previously shown to perform reasonably well 

for routing to all client sites from one server in randomly generated networks [155]. Third, the tree 

of shortest paths can be built very efficiently [19]. Thus, we propose to select for placement of the 

first replica, the node that has the lowest total delivery cost in its tree of shortest paths to all client 

sites. To determine the delivery cost of a tree of shortest paths, one needs to traverse the tree from 

leaves to root, on a breadth first manner, visiting each node exactly once and remembering the load 

from each client site visited. The load and corresponding bandwidth requirements for each arc in 

the tree is computed as the sum of the loads from all the client sites located below that arc in the 

delivery tree.  The cost of this algorithm is O(|V |). 

For placement of the i th replica in the network, where i > 1, we propose two heuristics: 

• Trees of Shortest Paths: select, among all unused replica access points, the one that, together 

with the previously placed i-1 replicas, has the lowest delivery cost in the set of trees of 

shortest paths when each client site receives content from the closest replica via the shortest 

path. 

• Maximum Savings: select, among all unused access points that are directly connected to a node 

in the delivery tree(s) for the i-1 replicas, if any, the one such that the bandwidth savings from 

removing that node (and all its descendents) from its tree is maximized. If there are no unused 

access points directly connected to a node in one of the trees, use the trees of shortest paths 

placement algorithm.  

The trees of shortest paths placement algorithm is a generalization of the heuristic used for 

first replica placement. The tree of shortest paths from each replica to all client nodes is trimmed by 

connecting each client site only to the closest replica. This algorithm iterates over the set of unused 
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access points for placement. At each iteration, the algorithm performs two steps. First, it 

determines for each client site, the closest replica among all previously placed replicas and the 

candidate being considered. Second, each tree of shortest paths is traversed, from the client sites 

(leaves) to the replica (root) on a breadth first manner, considering only the client sites that have 

selected that replica as the closest one. As a tree is traversed, the request rate of each visited client 

site is remembered, the load on each visited link is updated with the total request rate from all 

client sites that are below that link in the tree and the bandwidth over each link is calculated.  This 

algorithm has order of complexity O(|V|2). At each iteration, step 1 can be executed in O(1) if the 

previously placed replica that is closest to each client site is known (i.e., it is computed and stored 

in memory at the end of each iteration); step 2 has complexity O(|V|), as each node is visited 

exactly once. 

Note that neither this algorithm nor the algorithm for placement of the first replica implies any 

specific routing algorithm. In other words, the trees of shortest paths are used only for the 

placement decision. Once the replica is placed, another routing heuristic may be used to build the 

delivery trees. 

The maximum savings algorithm is based on a generalization of the simple rule derived for the 

simple canonical topology with two client sites in section 7.4.2: it places the next replica at the 

node that incurs the largest bandwidth savings if removed (together with any descendant) from its 

current tree. It works as follows. Let the load out of a node be the sum of the request rates of all 

client sites that are connected to the subtree rooted by that node. A lower bound on the bandwidth 

savings from removing a node from a tree is calculated by following the path from that node up to 

the root of the tree, subtracting from the current load on each arc visited the total load out of that 
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node and calculating the difference in bandwidth. This process is repeated for every unused access 

point for placement connected to one of the trees. Thus, it has complexity O(|V2|).   

We point out that the trees of shortest path placement algorithm is potentially more efficient 

than the maximum savings placement because the latter gives higher priority to access points that 

are connected to nodes already in the tree, even when placing replicas at other access points may 

result in lower total cost.  

More flexibility is added to the placement algorithms by allowing a newly placed replica to be 

moved from the root of the delivery tree to one of its internal nodes if that results in lower total 

cost. This is determined by reversing all links in the path from the root to that node. This extra step 

can be performed by traversing the delivery tree, built using one of the routing heuristics described 

below, from root to leaves, on a depth first manner, visiting each node exactly once. At each node i, 

the arc from i to one of its children in the tree is temporarily reversed. The load on the new 

(reversed) arc is defined as the total load out of the node i minus the load on the original arc that is 

currently reversed. If the bandwidth requirements for the new arc are lower than the bandwidth 

requirements for the original arc, the arc is permanently reversed and the traversal in the tree 

proceeds to visit the selected children of i. Otherwise, the traversal proceeds with the other children 

of i, or stops if all nodes below i have been visited. This algorithm has complexity O(|V |). 

7.5.2 Heuristics for Computing Delivery Trees 

We propose routing heuristics for scalable streaming protocols that have required server bandwidth 

that is sublinear (but is not constant) with the client load, such as bandwidth skimming or patching. 

In particular, the algorithms developed in this section are tested in the next section for the 
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bandwidth skimming protocol, although we expect the results to be qualitatively the same for 

patching.  We experiment with three heuristics: 

• Absolute MinCost: build the delivery tree by adding one client site at a time, selecting at each 

step the client site that can be connected to any of the already built multicast trees with the 

minimum incremental bandwidth cost.  

• Ordered MinCost: add client sites in order of decreasing load (i.e., logarithm of the request rate 

Ni) and, in case of tie, increasing distance to the closest server. Each client site is connected to 

one of the trees by the path with minimal incremental bandwidth cost (as in the absolute 

mincost algorithm). 

• Shortest path: we also consider shortest path routing as it was found to perform reasonably 

well for one server [155].  

The absolute mincost heuristic was proposed in [155] for routing from one server to every 

client site and is here generalized for multiple servers. It works as follows. At each iteration, it 

considers all client sites that have not been connected to the tree yet. For each one of those client 

sites, it determines the path that connects it to any of the trees with minimum incremental 

bandwidth cost. This path is determined by traversing the trees from root to leaves and at each 

visited node, calculating how much bandwidth cost would be added to the current cost associated 

with the tree if the client site is connected to that node through the shortest path. In visiting each 

node i of the tree, the incremental bandwidth cost over the path connecting node i to the root is part 

of the incremental bandwidth cost associated with connecting the new client site to each 

descendant of node i in the tree. Thus, each node of the tree can be visited exactly once to 

determine the minimum incremental bandwidth path for a client site. This has complexity O(|V|). 

The procedure is repeated, at each iteration, for all client sites that have not been connected yet, and 
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one client site is added to a tree at the end of each iteration. Thus, the complexity of the algorithm 

is O(|V |3). 

The ordered mincost algorithm works similarly to the absolute mincost algorithm, except that 

the order on which the client sites are added to the trees is predefined. Client sites with higher 

request rates are added first in an attempt to reduce the delivery cost by serving the client sites that 

impose higher load on the system with the “best”  paths. Because the order of addition of client sites 

is independent of the routing decision, the complexity of the ordered mincost algorithm is O(|V |2). 

The routing heuristics described above were developed for protocols, such as bandwidth 

skimming and patching, that have per-hop network bandwidth that depends on the number of 

clients that are served over each hop. In [67], the authors propose heuristic algorithms for 

constructing near optimal delivery trees for a single live multicast. Their heuristics rebuild the 

delivery tree every time a client joins or leaves the multicast group. Like for live streaming, the 

per-hop network bandwidth for periodic broadcast is also independent of the number of clients that 

are served over that hop. In that case, unlike for bandwidth skimming and patching, the optimal 

routing is known a priori, it is the tree of fewest links. Although the optimal tree of fewest links 

cannot be optimally computed efficiently, a heuristic is proposed in [155]. However, we point out 

that the optimization model for periodic broadcast is much more efficient than the model for 

bandwidth skimming, and thus is expected to be practical for larger systems. Experimenting with 

the optimization model and heuristics for periodic broadcast is left for future work. 

7.5.3 Performance of the Heuristics 

This section evaluates the performance of the heuristic algorithms using the set of AS and router 

level topologies defined in Table 21 (section 7.3). The total delivery cost of the systems obtained 
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with each algorithm is compared against the optimal cost, obtained with the optimization model. 

We consider six different heuristic algorithms, created by combining one of the two heuristics for 

placement of an extra replica with one of the three routing heuristics. In the figures below, we will 

refer to each case by stating the heuristic used for placement and the heuristic used for routing.  

After analyzing all the AS and router level topologies with different client load heterogeneity 

and dispersion considered in section 7.3, we found that all six heuristics result in solutions with 

approximately the same delivery cost for the topologies with lower degree of client dispersion. 

However, for router level topologies with higher degree of client dispersion (client sets covering 2-

4 continents), the differences among the costs of the heuristic solutions are somewhat more unequal 

(but are still within 30% of each other). Furthermore, we found that trees of shortest paths 

placement combined with ordered mincost routing results in better solutions, which are within 16% 

of optimality for all systems considered.  

Figure 54 shows the results for all six heuristics for three example topologies. For comparison 

purposes, we also show the curves of the optimal cost, as well as the cost if the optimal solution for 

conventional delivery is used for scalable delivery. Figures 54(a)-(b) show the near optimal 

network and server bandwidth for a topology. Note that the solutions obtained with the trees of 

shortest paths placement heuristic are the same regardless of which routing algorithm is used. 

Furthermore, if the maximum savings placement heuristic is used, the solutions are the same for 

absolute and ordered mincost routing. Figures 54(c)-(d) shows the network bandwidth for two 

other systems. The curves for server bandwidth are omitted because they are the same for all 

solutions. In Figure 54(c), all six heuristics produce systems with the optimal cost and in Figure 

54(d), the cost of  the  solution  depends  only  on  the  placement  algorithm.  Figure  55  shows  

the (very similar) systems produced by the heuristics as well as the optimal system for conventional 
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unicast delivery for the topology in Figure 54 and 4 replicas. The main conclusions from these 

results are: 
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Replica Placement and Routing 
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• The overall performance of all heuristics is very good for homogeneous, heterogeneous, router 

and  AS  topologies.  For  all  the  validation  experiments, the best heuristic results in solutions 

within 16% of optimal for both total server and network delivery cost. However, in many 

scenarios, they result in systems with optimal cost, as in Figure 54(c).  

• The ordered mincost routing heuristic performs just as well as the more complex absolute 

mincost for  all  systems  analyzed,  with  the advantage of being simpler. Furthermore, we find 
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that shortest path routing may incur higher cost increase than previously observed in [155], 

depending on the placement algorithm used. In our experiments, we  observed a cost increase 

of up to 28% if shortest path routing is used together with maximum savings placement (Figure 

54(a), 6 replicas).    

• The cost increase due to shortest path routing observed in our results is still somewhat more 

modest than one might expect. In order to understand why this is the case, we inspected several 

topologies and solutions and found that most of the non-shared segments of the shortest paths 

to the client sites are not much longer than the shortest distance between the client sites. As an 

example, in Figure 55(a), the shortest distance between client sites GU-UK and UG-CH is 11 

and the non-shared segments of the shortest paths have, each, length 6. Based on the upper 

bound derived in appendix E, we conjecture that this is the reason for the relatively low cost 

increase associated with shortest path routing.  

• The maximum savings placement algorithm is not always efficient (as shown in Figures 54(a), 

(b), (d)). On the other hand, as expected, the trees of shortest paths placement heuristic 

performs better across all topologies, especially for AS topologies (Figure 54(d)), with a 

maximum cost increase observed of only 16%, compared to the optimal, for the systems 

considered. Furthermore, for all topologies considered, the performance of this heuristic is 

usually approximately the same regardless of the routing heuristic used. In particular, its 

performance is much less sensitive to the use of shortest path routing than the maximum 

savings placement algorithm. This is particularly interesting in case our algorithms are 

implemented on top of IP multicast.  

Based on these results, the algorithm that uses the trees of shortest paths placement combined 

with the ordered mincost routing delivers the best performance, resulting in systems with total 



 

 

190

network delivery cost within 16% of optimality for all configurations tested. Similar accuracy was 

also observed for the total server delivery cost. This approximate algorithm is a good compromise 

between accuracy and efficiency and we expect it to be a valuable tool for designing larger and 

more complex scalable systems with close to optimal delivery cost. Experimenting with larger 

topologies is subject for future work.  

We point out that solving the optimization models require significant more execution time not 

only to find the optimal solution but also to reduce the searching space to solutions that were within 

the same accuracy (i.e., 16%) of the solutions obtained with the best heuristic. The optimal solution 

time may be significantly reduced by using the heuristic solution as starting point for the searching 

procedure. Experimenting with this hybrid strategy is a direction for future work.  Furthermore, we 

also point out that the algorithms used for solving the optimization models provide, for any 

intermediate solution found in the searching procedure, an upper-bound on the gap between the 

cost of that solution and the optimal cost. Thus, one interesting approach to determine the accuracy 

of a heuristic solution for larger sytems, for which the truly optimal solution can not be obtained, is 

to use the heuristic solution as starting point for the searching procedure in the model and use the 

upper-bound on the gap, provided by the solver, as an estimate of the accuracy of that solution. 

As a final note, we also experimented with fan-out placement (i.e., placement at the most 

connected nodes) both for the first replica and for an extra replica. Fan-out placement is attractive 

because it is simple, does not rely on knowledge about the client sites and it was shown to perform 

well for conventional systems [85, 116]. However, we found that placing replicas based only on the 

connectivity of the nodes can be significantly more sub-optimal for scalable delivery (cost increase 

of up to 200% compared to optimal for the topologies given in Table 21). Thus, this section 

showed only the results for the more competitive heuristics.    
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7.6 Summary of the Chapter  

This chapter developed exact and approximate methods for finding the optimal number and 

placement of replicas of one object and the optimal routing for scalable delivery, which can be 

applied to a number of different scalable multicast streaming protocols. We developed a CDN 

design model that includes more precise estimates of network bandwidth and applied the model to 

show that, for a number of realistic Internet topologies, using placement and routing strategies that 

are optimized for conventional unicast delivery to scalable CDNs can result in significant cost 

increase (over 100% increase in network bandwidth in some cases), compared to optimal, 

especially if client sites have heterogeneous loads and bandwidth is charged on a per router basis.   

We also analyzed simple topologies to draw insights into efficient approximate algorithms for 

placement and routing for scalable CDNs. In particular, we showed that, unlike for conventional 

CDNs, simple rules of thumb such as placement of servers near the client sites that have highest 

demand [115] or at the most connected nodes [85], do not perform well for scalable delivery. We 

also derived an upper bound for the cost increase associated with the use of shortest path routing, 

the basis for the routing algorithms in today’s Internet, for scalable delivery for a simple canonical 

topology with two client sites.  

These insights led to the development of six heuristic algorithms, which require significantly 

less execution time and are thus applicable to large and heterogeneous systems. We found that the 

best heuristic, which uses the trees of shortest paths algorithm for placement and ordered mincost 

for routing, results in systems with total delivery cost within 16% of optimality for all 

configurations analyzed. 
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Chapter  8  

Conclusions and Future Work 

This thesis has explored the design of streaming media content distribution networks with (close 

to) minimum delivery cost, where the delivery cost includes server and network costs. We 

developed caching algorithms for conventional CDNs, design models to determine the optimal 

server content, server placement and routing for scalable CDNs and approximate algorithms for 

server placement and routing in scalable CDNs. Our methods take into consideration the special 

characteristics of streaming media, in particular, the high bandwidth requirements, and address the 

new and complex tradeoffs introduced by sharing of multicast streams among multiple clients. In 

order to evaluate our caching algorithms and CDN design models, we identified a reasonably small 

set of derived system and workload parameters that have primary impact on CDN delivery cost. In 

our experiments, these parameters are varied over a wide range of values in order to evaluate the 

solutions over as much of the system design space as it is practically feasible. We have also 

characterized two streaming media workloads more completely than previous workloads have been 

characterized with the goals of gaining insight into efficient caching strategies, understanding how 

client request rate and media file access frequency vary with time, and providing data for 

generating synthetic workloads. 
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Sections 8.1 – 8.3 summarize the main contributions and results regarding the analysis of the 

two media server workloads, the storage strategies for conventional and scalable CDNs and the 

server placement and routing strategies developed for scalable CDNs. Section 8.4 provides possible 

directions for future work.  

8.1 Workload Analysis 

We have provided an extensive analysis of the workloads of two educational streaming media 

servers in operation in two major universities in the United States: the eTeach server, at the 

University of Wisconsin-Madison and the BIBS server, at the University of California-Berkeley. 

Our analysis provided a more complete coverage of the workload characteristics than previous 

studies. New aspects of the workload characterization included: (a) distribution of overall and per-

file request inter-arrival times during periods of approximately stationary request rate, (b) 

distribution of media delivered per session, during periods of approximately stationary average 

media delivered per session, (c) changes in relative file access frequencies from one day to another 

and from one hour to the next, (d) distribution of file access frequency per day and during periods 

of approximately stationary file access frequency, (e) distribution of access frequency to each ten-

second segment of a file, for files with different (overall) access frequency rank, (f) fraction of the 

new content (file and file segments) requested during each hour that is requested only once during 

the hour, where a new content is an object that was not requested in the previous two, four or eight 

hours, and (g) distribution of the time until the next access to new content. Some of the 

characteristics (e.g., media per session, file access frequency) were analyzed separately for 

different file size ranges, showing that accurate distributions depend on the file size.  The collection 

of distributions provides useful data for generating realistic synthetic workloads. 
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We found a high degree of similarity in the measures that could be analyzed for both servers. 

That is,  a large fraction of the eTeach requests and the BIBS sessions have short duration, file 

access frequency on each server can be modeled with the concatenation of two Zipf-like 

distributions, and the distribution of media delivered per session (or per request) depends on the 

file size and is heavier tailed for longer files. The only characteristic measured in both servers for 

which we found a difference was the distribution of session inter-arrival times during periods of 

approximately stationary session arrival rate. On BIBS, inter-session times are better modeled with 

an exponential distribution, whereas in eTeach, they appear to be better modeled with a heavier 

tailed distribution. We note, however, that session arrivals are not identified in the eTeach log. 

Thus, new session requests in eTeach were identified heuristically. 

The analysis of the media server workloads led to several important insights for designing 

efficient streaming CDNs. First, we found that a significant fraction (60%-85%) of the new files (or 

new file segments) accessed during an hour are accessed only once in that hour. Furthermore, 50-

80% of them are not accessed again in the next eight or even sixteen hours in the future. This 

implies that caching new content every time a request misses in the cache, without knowledge of its 

access frequency, may result in significant wasted disk write bandwidth and, consequently, in poor 

cache performance.  

Second, we found that, in eTeach, the distribution of accesses to each ten-second segment is 

approximately uniform for the most frequently accessed files in each of ten different days we 

examined. This implies that, in spite of the large number of requests to small portions of the files, 

the access frequency for each of the most frequently accessed files, measured, for instance, for the 

requests that start at the beginning of the files, might be used to estimate segment access frequency 

for those files. It also implies that, for the most popular files, full file caching might be the best 
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strategy in a CDN that uses unicast delivery. Furthermore, for each of the less frequently accessed 

files we examined, we found that the distribution of accesses to each ten-second segment is 

skewed, with more frequent requests for earlier segments. In practice, one could keep access counts 

for two or three positions of the file (e.g., 0, 10%, 50% of the file) to determine whether the 

distribution of access frequency is uniform or skewed towards earlier segments. Further work is 

needed to examine more files, to determine whether these observations hold more generally. 

Third, we found that relative file access rates change significantly from day to day and even 

from one hour to the next (especially on BIBS). For instance, we observed variations in a file 

access frequency rank from 1st to 10th from one hour to the next. Wider variations were also 

observed. A CDN configuration (e.g., server content or routing) may need to be updated in 

response to those changes.  

Our analysis also provided example profiles of client interactive behavior, including the start 

position and end position of client requests for files with different access frequencies. We collected 

profiles for the three most frequently accessed files in ten different days in eTeach. The 

information available in these profiles, i.e., the range of media file data retrieved in each request, 

can be used, as starting point, for developing client interactive access models and the formulas for 

server bandwidth requirements for these access models.   

Finally, despite the large number of interactive requests to very short segments of the files, we 

found that the bandwidth savings if multicast streaming were used to deliver the three most 

frequently accessed files in eTeach would be up to 30%. Further bandwidth savings may be 

achieved if the server does not interrupt delivery every time a client pauses. 
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8.2 Server  Content 

For conventional unicast CDNs, using simulation with synthetic workloads, we found that, in 

practical terms, the simple CMP caching policy, which stores the files with the highest measured 

access frequencies, outperforms the best previously known caching algorithm, RBC, which stores a 

mixture of full files and intervals and is much more complex than CMP. In order to further analyze 

interval caching, we proposed and evaluated two other new policies, called Pooled RBC and 

CMP/IC. Pooled RBC improves on the original RBC by sharing the allocation of proxy disk 

bandwidth among multiple files. The simpler CMP/IC is a hybrid policy that uses the CMP policy 

plus interval caching performed in a separate cache, either in main memory or on disk. Comparing 

Pooled RBC, CMP/IC and CMP, we found that CMP/IC has performance at least as good as 

Pooled RBC, with the advantage of being much simpler to implement. However, the even simpler 

CMP, which does not include interval caching, delivers competitive performance compared with 

the other two policies. These results led to the conclusion that the benefit of interval caching for 

unicast streaming is, at best, modest. Furthermore, since interval caching can be expected to have 

even more limited performance benefit for scalable streaming, it does not need to be considered for 

designing scalable CDNs. 

Determining the server content that minimizes the total delivery cost for scalable CDNs is 

considerably more complex due to the new tradeoffs introduced by cost sharing of multicast 

streams among multiple clients. We have proposed three new modifications to the scalable 

multicast bandwidth skimming protocol that enable prefix caching at proxy servers. For each 

modification, we developed simple optimization models with approximate network bandwidth 

costs for determining the minimum cost CDN design. We have applied the optimization models to 

gain insight into the optimal proxy storage strategy over a large region of the CDN design space. 
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We used these models to evaluate the impact of different protocol optimizations, including 

batching versus non-batching of client requests for suffix streams from the origin, unicast versus 

multicast origin streaming and different client receive bandwidth, on the optimal CDN delivery 

cost. This evaluation covered a much wider and more realistic CDN configuration space and used a 

more efficient protocol (i.e., bandwidth skimming) than previous work, leading to new results for 

designing scalable CDNs. 

One key conclusion is that storing content at multicast enabled proxy servers is only cost 

effective if (a) the origin server uses unicast or (b) the client request rate is very low, in which case 

multicast is not very effective, or (c) the average cost of a proxy stream is a small fraction of the 

average cost of an origin stream (approximately 1/P or less, where P is the number of proxy 

servers).  

Furthermore, we found that, unlike previous results would suggest, prefix caching and 

batching is cost-effective under realistic proxy bandwidth assumptions and for the bandwidth 

skimming protocol only in the small region of the design space defined by (a) multicast origin 

streaming, (b) large number of proxy servers and (c) small per-file request rate at each proxy  (N/P 

≈ 1). In all other regions of the design space, the simpler bandwidth skimming protocol without 

batching and an all-or-nothing storage strategy (nearly) minimize total delivery cost.  Moreover, we 

found that, unlike conventional CDNs, where the optimal proxy content consists of the most 

frequently requested files, the optimal proxy content for scalable CDNs include fewer and less 

popular files as the total request rate increases and/or as the ratio of the average cost of a proxy 

stream to the average cost of an origin stream increases.  

We also found that, if clients have limited receive bandwidth (e.g., if they can listen to only 

1.2 simultaneous streams), which might be the case if they request high quality videos over a non-
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broadcast network, the total delivery cost, compared to the optimal cost if they can receive at least 

two simultaneous streams, can be significantly higher. For example, for CDNs with P=10 proxy 

servers, request arrival rate at each proxy N/P = 10000 and average cost of a proxy stream that is 

10% of the average cost of an origin stream (i.e., β = 0.1), the increase in delivery cost is up to 

200% (for large cache sizes). 

Finally, if the origin uses multicast, instead of unicast delivery, the total CDN delivery cost is 

greatly reduced. For instance, for a CDN with ten proxy servers, overall request rate at each proxy 

M/P = 1000 and β  ≤ 0.3, the bandwidth savings if the origin uses multicast delivery is around 

85%. This observation should encourage a wider deployment of IP or application level multicast 

protocols in the Internet. 

8.3 Server  Placement and Routing Strategies 

We have also developed more detailed CDN design optimization models, which include more 

precise network bandwidth costs than in previous models, and approximate algorithms to determine 

the (near) optimal number and placement of replicas of an object and the delivery tree topologies 

from those servers to a given set of client sites, with corresponding request rates for the object. Our 

CDN design models include the network bandwidth required for each hop in the delivery trees and 

can be applied to a number of different scalable streaming protocols, including bandwidth 

skimming, patching and periodic broadcast, as well as to conventional unicast streaming, by using 

the appropriate (server and network) bandwidth formulas for each protocol. We point out that, the 

solution of the model that uses the bandwidth formulas for periodic broadcast consists of, in 

addition to the optimal server placement, the set of delivery trees with fewest links, which is the 

optimal routing strategy for that protocol. 
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The models were applied to show that, for a number of practical and realistic Internet 

topologies, if placement and routing strategies that are optimized for conventional delivery are used 

for a CDN that uses a scalable delivery protocol (in particular, the bandwidth skimming protocol), 

the total delivery cost can be significantly higher than if the optimal placement and routing for the 

scalable CDN are used. In particular, the network cost increase is over 100% in some cases when 

client sites have heterogeneous request rates and bandwidth is charged on a per router basis. 

We analyzed simple canonical topologies to draw insights into efficient approximate 

algorithms for placement and routing for scalable CDNs. We derived an upper bound on the cost 

increase associated with the use of shortest path routing, the basis for the routing algorithm in 

today’s Internet, for scalable delivery. This upper bound, derived for two client sites, is 1
1

+f , 

where f is the ratio of the shortest distance between the two clients and the sum of the lengths of the 

unshared segments in the tree of shortest paths from server to clients. We also showed that, unlike 

for conventional CDNs, simple rules of thumb, such as placement of servers close to the client sites 

that have highest demand [115] or at the most connected nodes [85], do not perform well for 

scalable delivery.  

Based on these insights, we proposed and evaluated six efficient heuristics, which require 

significantly less execution time than solving the optimization model and are thus applicable to 

large and heterogeneous systems. We found that, for a number of Internet examples, the best 

heuristic consists of (1) placing servers on the nodes that have the lowest total cost for their tree(s) 

of shortest paths to the clients, assuming clients send requests to the closest server, and (2) building 

the actual delivery tree(s) by adding clients in decreasing order of site load and connecting each 

client site to a server using the path that has minimum incremental bandwidth cost. This heuristic 
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algorithm results in systems with total delivery cost within 16% of optimality for a variety of 

Internet examples examined. 

8.4 Future Work 

There are many possible directions for future research suggested by the results in this thesis, 

including: 

1. Analysis of other recent educational media workloads and other types of workloads, such as 

entertainment server workloads. It would be interesting to determine whether the observations 

for the eTeach and BIBS workloads in this thesis hold for other workloads. A more precise 

characterization of the time varying aspect of client request rates and file access frequencies for 

these workloads would also be worthwhile. It would also be worthwhile to develop a more 

complete characterization of client interactive requests, including the range of data (i.e., start 

and end positions in the file) retrieved by each request. In particular, one could determine the 

distribution of start positions for interactive requests and the distribution of end positions, 

conditioned to the start position, for a large variety of files, with different sizes and relative 

access frequencies. These distributions can be used to develop client interactive access models 

and formulas for the server bandwidth requirements for these models. Some initial models and 

corresponding bandwidth calculations were developed in [88, 135]. The most general 

previously proposed access model assumes arbitrary start and end positions for independent 

interactive requests [135]. The authors found that, under these assumptions, the server 

bandwidth requirements increase with the square root of the client request rate [135]. New 

models and bandwidth formulas derived from the actual distributions of start and end positions 

observed for different files should be compared against these previous formulas to determine 

whether more sophisticated models are necessary. In particular, one might consider exploring 
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whether there is significant temporal locality among the interactive requests and how it affects 

the server bandwidth calculations. 

2. Evaluation of alternative measures of current client request rates. There are several proposals in 

the literature, including (a) the inverse of a weighted average of the most recent inter-request 

time and the mean inter-request time computed when the previous request arrived [138], and 

(b) for any integer k, the ratio of k to the time since the kth most recent client request (used as 

the measure in the LRU-k policy [106]).  These and other estimates should be compared in 

terms of their accuracy during periods of approximately stationary behavior, how fast they 

identify changes in the request rate, and their time and memory complexity. In addition to the 

previously proposed measures, this comparison could include methods for change point 

detection [40], which are used in economics, finance and signal processing to detect changes in 

the parameters of the distribution of a sequence of observations.  

3. Extensions to the CDN design models to include other types of heterogeneity including 

heterogeneous object access frequencies per proxy and to include bandwidth formulas that 

account for client interactive requests (as discussed in 2). Applying the models to compare the 

insights obtained against the results shown in this thesis is also a direction to pursue. 

4. Development of simple rules of thumb for determining the (near) optimal proxy content for 

scalable CDNs. For example, such rules of thumb could specify a range of access frequencies 

for the files that should be stored at each proxy server. Although the design models for 

determining the optimal proxy content for homogeneous workloads can be solved relatively 

quickly, it might be possible to develop simple and more efficient rules of thumb that can be 

applied as client requests arrive and that result in near optimal systems. Simple rules of thumb 
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would be especially useful for heterogeneous workloads and proxy capacities, in which case 

we expect the solution time of design models to be longer due to the higher complexity.  

5. Implementation of methods (i.e., design models and/or new rules of thumb) for determining the 

(near) optimal proxy content in the SWORD prototype [101]. The SWORD prototype, being 

developed at the University of Wisconsin-Madison, consists of two modules, a server module 

and a client module, and implements the bandwidth skimming protocol for delivering content 

from the server module to a number of client modules. It is currently installed in the eTeach 

system and is being tested under a live workload consisting of students retrieving the eTeach 

lectures. Experimenting with proxy caching in the prototype would provide a valuable 

opportunity to test the efficiency and performance of the methods, especially if it is used to 

serve a more widely distributed live workload. One key issue that must be addressed to 

perform these experiments is the design of an efficient online implementation of our methods 

(including a measure of client request rates, as discussed in 3), with minimum overhead added 

to the prototype.  

6. Extensions to the placement and routing approximate algorithms to solve for multiple objects 

concurrently, allowing varying constraints on sharing of placement and routing among the 

objects. The design models and heuristics in this thesis can be applied to multiple objects by 

solving them separately for each object or each category of object, where a category is defined 

by “similar”  client request rates, and then defining a method for merging the solutions in order 

to obtain a global solution with (near) optimal delivery cost.  However, an algorithm that 

determines the placement and routing for multiple objects concurrently may result in CDNs 

with total delivery cost closer to optimal.  
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7. Evaluation of the CDN design models for periodic broadcast streaming as well as development 

and evaluation of approximate algorithms for periodic broadcast streaming. Heuristics for 

routing for periodic broadcast were developed in [67]. Furthermore, the heuristic to build the 

tree of fewest links proposed in [155] seems appropriate for periodic broadcast since the tree of 

fewest links is the optimal delivery tree for this protocol. However, efficient heuristics for 

server placement for periodic broadcast are unknown. One possible heuristic to consider is, for 

instance, to place servers at the nodes that have the lower total delivery cost in the trees built 

using the heuristic proposed in [155].  This heuristic as well as any other new algorithm should 

be compared against the simpler trees of shortest paths placement algorithm, developed, in this 

thesis, for scalable protocols that have bandwidth requirements sublinear (but not constant) 

with the client request rates (e.g., bandwidth skimming, patching). 
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Appendix A       

Further Media Workload Data 

This appendix provides additional data for the workload characteristics analyzed in chapter 4. 

Figure 56 shows the cumulative distribution of the stack distances for accesses to each one-

minute file segment in eTeach for different days. The higher the number of small stack distances, 

the stronger the temporal locality.  Temporal locality seems to vary significantly across different 

days on the server. Given the roughly uniform access observed for the blocks of the most popular 

files, a weaker temporal locality may be due to a greater change in the file popularity during the 

period analyzed. For instance, on October 10th, which was the day before the course first exam, 

temporal locality is weak possibly due to students reviewing all the previous lectures for the exam.  

Table 22 shows the typical values of the parameters of the two Zipf-like distributions used to 

model file access frequency in both eTeach and BIBS servers. These parameters include, for each 

distribution, the number of files, the total access probability and the Zipf parameter � . Table 23 

provides a summary of the accesses to infrequently requested files in eTeach. As discussed in 

section 4.3.4, like in the BIBS server, a large fraction of the new files is accessed only once, and 

most of those files are not accessed again within the next 8 hours.  

Figure 57 shows the distribution of the number of accesses to ten-second segments for files 

with different relative file access frequency for two other days in eTeach. As discussed in chapter 

4, the  distributions  is  roughly  uniform  for  the  most  popular  files  and  skewed  towards earlier 
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segments for less popular files. Figure 58 shows the hourly evolution of file popularity for two 

other days for both BIBS and eTeach. The amount of fluctuations depend on the day analyzed but 

it is more significant on the days closer to course exams, i.e., March 23rd in BIBS, and October 3rd, 

in eTeach. 

 

Figure 56: Temporal Locality for  File Segment Access in eTeach 
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Table 22: Typical Parameter Values for  the Distr ibution of File Access Frequencies   

First Zipf Distr ibution Second Zipf Distr ibution File 
Size 

(mins) 
Server Day Total 

Prob. # files θθθθ 
Total 
Prob. # files θθθθ 

9/13–14, 
9/19–20, 10/3 

0.7–0.85 2 2–2.5 0.15–0.3 3–12 1–1.5 

9/21, 10/4 0.6 2 1.7 0.4–0.45 9-17 0.8 
9/26–27 0.84 2 0.9–1.25 0.16 7–11 2 

eTeach 

10/10–11 0.8 7 0.2–0.25 0.2 7 1.2 
2/20, 3/23 0.1–0.2 2 0 0.8–0.9 56–85 0.45–0.55 

0–5 

BIBS 
5/8–9, 5/14 0.2 2-4 0.3-0.33 0.8–0.85 30–60 0.35-0.38 

9/27 0.8 2 0.3625 0.2 2 1.6 
5–10 eTeach 

10/09 0.85 2 0.5208 0.15 2 10.05 
9/19 0.89 2 3.6 0.11 2 0 

10-15 eTeach 
9/20 0.97 2 5.4 0.03 2 2.4 

2/21–22 0.5–0.6 6–9 0.4–0.45 0.4–0.5 58–72 0.6–0.65 
50–55 BIBS 

5/8–11 0.5–0.6 12–18 0.2–0.35 0.4–0.5 110–130 0.45–0.55 
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Time Until Next Access 
Day h 

Median  
# new 

Average # new 
accessed once / # new %   > 4 hr %  > 8 hr %   > 16 hr %   >  32 hr 

2 1 0.57 67 67 67 60 
9/15 

8 1 0.56 69 69 69 69 
2 2 0.52 41 41 36 18 

9/27 
8 2 0.33 64 64 55 36 
2 1 0.54 67 67 56 33 

10/3 
8 1 0.70 67 67 56 33 
2 3 0.40 46 31 31 31 10/1

0 8 4 0.50 56 33 33 33 
 

Table 23: Summary of Accesses to New Media Files in eTeach 
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Figure 57: Further Example Distr ibutions of Accesses to 10-Second File Segments in eTeach  
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Figure 58: Further Examples of Hour ly Evolution of File Popular ity  
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c) BIBS, February 2nd   
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Appendix B  

Required Or igin Server Bandwidth for 
BWSkim+Batch(b) 

This appendix derives the formula used, in section 6.1.5, for Borigin,last_segment(ƒ), the average required 

origin server bandwidth to deliver the last segment of length 1 − 2ƒ of the file for the 

BWSkim+Batch(b) protocol. Recall that the arrivals at the origin server for the last segment are 

approximately deterministic, with rate )(* fNorigin . In the following, we derive the formula for the 

required server bandwidth for bandwidth skimming to deliver an object, of length equal T = 1, 

assuming deterministic arrivals, at rate N per T. The formula is applied to determine 

Borigin,last_segment(ƒ) by replacing N with )(* fNorigin . 

We define the members of a merging tree to be the clients that end up merged together with an 

earlier full stream. A full stream does not merge with any previous stream. We define a merging 

tree as all the (pieces of) streams that are delivered to those clients. Figure 59, illustrates the merges 

that occur for a sequence of arrivals for an object with arrival rate N = 6 per object duration. The x-

axis represents time and the y-axis represents the position on the file for each stream, as the stream 

progresses. To simplify, we show only the successful merges. The client requests are grouped into 

merging trees and one is shown separately. In the tree, leaves, shown as gray nodes, represent 

client requests, internal nodes represent merging points, branches of the tree represent (pieces of) 
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streams and the root represents the end of the full stream. The branches of the tree are labeled with 

the length (in units of streams) of the piece.  

We divide time into windows, where each window contains N arrivals. Furthermore, we group 

windows into periods, where a period is defined as the number of windows it takes for the pattern 

of (pieces of) streams per window to repeat. In Figure 59, a period consists of 2 windows. To 

calculate the average bandwidth, we sum up the lengths of the pieces of the streams that fit in a 

tree, multiply it by the number of trees per period and then divide it by the number of arrivals 

during a period.  

Figure 59: Operation of Bandwidth Skimming for  Deterministic Request Arr ivals 
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The number of trees per period depends on the number of clients in each tree and on the 

duration of the period. To determine the number of clients in each tree, note that length of the 

earliest (full) stream in a tree can be calculated by summing up the length of the pieces between 

two consecutive merges of subsequent streams with the full stream. Furthermore, the lengths of 

these pieces increase at rate two, as new merges occur. In other words, defining a piece unit to be 

equal to 1/N, the length of the first piece (before the first merge) is two. After the 2nd stream merges 

with the full stream, a new piece of length four is added. Then, after the 3rd (and 4th) streams merge 

with it, a new piece of length eight is added and so on, until the stream is terminated as it reaches 

the end of the file.  Since the length of the stream is equal to N pieces, the following inequality 

must be true:  

11

1

22222 ++

=
≥+�−=≥ kk

k

i

i NN   

� �
1)2(log2 −+= Nk               (14) 

In (14), k is the height of the merging tree and 2k is the number of clients that end up merged 

with the full stream, i.e., the number of clients in the tree. By building each tree from bottom to top, 

one can see there is a pattern on the length of each branch of the tree (i.e., each stream), defined by 

how the merges occur. This pattern is clear in the tree in Figure 59. In each subtree, the left branch 

has twice the length of the right branch, because the right stream merged into the left stream. 

Furthermore, the number of streams drops to half as one visits each level in the tree towards the 

root.  Thus, the required bandwidth per tree, in units of (full) streams, Btree, can be calculated by 

summing the bandwidth required for each level i of the tree, and adding to that sum the bandwidth 

corresponding the last piece of the file (Blast) that is delivered after all merges occur (in Figure 59, 

that piece has length 0). Given k, the height of the tree, computed as in (14), Btree is calculated as: 
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In order to calculate the number of trees that fit in a period, recall that each window has N 

arrivals and that each tree includes 2k arrivals. Thus, given P, the duration of a period in number of 

windows, the number T of trees per period is given by: 

k

NP
T

2

×=               (16) 

Given that the total bandwidth per period is T×Btree, the average required server bandwidth, B, 

is calculated by dividing this number by the total number of arrivals during a period, i.e., P×N, as 

follows: 
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Equations (14) and (17) correspond to the formulas for k(f) and Borigin,last_segment(f), shown in 

section 6.1.5 with N replaced by )(* fNorigin , the arrival rate for the last segment of the suffix at the 

origin server. 
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Appendix C  

Extensions to the Cost Models for Scalable 
CDNs  

This appendix provides extensions to the design models shown in chapter 6 to include non-uniform 

file sizes and delivery rates as well as heterogeneous client request rates and proxy capacities. The 

BWSkim(b) protocol is used to illustrate the required changes to the models. The models for 

BWSkim/U(b) and BWSkim+Batch[/U](b) can be modified in a similar way.  

C.1 Non-Uniform File Sizes and Delivery Rates  

Let Ti be the file duration of file i. Let R be the highest file delivery rate among all files in the 

system and let r i be the delivery rate of file i, relative the R (i.e., 0 < r i ≤ 1). The normalized arrival 

rate for each file i, Ni, is given by Ni = λTi. The required proxy and origin server bandwidth, Bproxy 

and Borigin, for each file i delivered by BWSkim(b), expressed in units of streams at rate R, are 

redefined as: 

  Bproxy(ƒi,N i,P,b) = r  i η ln(1+ƒi Nproxy,i /η),                          (18)       

Borigin(ƒi,Ni,P,b) = r  i η ln(1+Norigin,i /η),                           (19) 

where:    Nproxy,,i = Ni/P                            and 

η
η

+
−

=
PNf

Nf
N

ii

ii
iorigin /

)1(
,                         
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As in chapter 6, the total required origin and proxy server bandwidth is obtained by summing 

the expressions for Bproxy and Borigin over all files.  

C.2 Heterogeneous Client Request Rates and Proxy Capacities 

In this section, we assume uniform file sizes and delivery rates, but the extensions described in the 

previous section can be easily added afterwards.  We consider a system with P proxy servers, with 

one distinct proxy, with total request rate, disk bandwidth and storage capacity possibly different 

from the request rates and capacities of the other P-1 non-distinct proxies [58]. In that case, the 

fraction of each file cached at the distinct proxy may be different from the fraction cached at the 

non-distinct proxies.   

Given T, the file duration, let Nd and Nnd  be request rate at the distinct proxy and at all non-

distinct proxies, respectively and let  N be the overall request rate, i.e., N = Nd + Nnd.  Similarly, fd 

and fnd are defined as the fraction of the file cached at the distinct and at each non-distinct proxy, 

respectively. Given that dd
proxy NN =   and =nd

proxyN Nnd/P-1,  d
proxyB  and nd

proxyB , the required server 

bandwidth for the distinct and each non-distinct proxy, respectively, is defined, using equation (6) 

defined in chapter 6, as follows: 

)1ln(),,( ηη
d
proxydddd

proxy

N
fbNfB +=                   (20) 

         )1ln(),,,( ηη
nd
proxyndndndnd

proxy

N
fbPNfB += ,                       (21) 

In order to calculate Borigin, four different scenarios are identified: 1) the file is not cached at 

any proxy (i.e., fd = fnd = 0); 2) the file is (partially) cached only at the distinct  proxy (i.e., fd > 0, fnd 
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= 0); 3) the file is (partially) cached only at the non-distinct proxies (i.e., fd = 0, fnd >0) and 4) the 

file is (partially) cached at all proxies (i.e., fd >0,  fnd > 0).  

If the file is not cached at any proxy, the arrival rate at the origin server is given by the total 

arrival rate N = Nd + Nnd and Borigin can be calculated as: 

fd = fnd = 0:  )1ln(),,,,,( ηη NbPNNffB nddndd
origin +=            (22) 

If the file is cached only at the distinct proxy, Borigin can be split into two components, Borigin,1, 

the required origin bandwidth to deliver the fraction fd to the clients of the P-1 non-distinct proxies, 

and  Borigin,2, the required origin bandwidth to deliver the suffix to the clients of all proxies. Borigin,1 

and Borigin,2 are defined, using the basic equations developed in chapter 6, as: 

 fd > 0, fnd = 0 :    

),,,,(),,,(),,,,,( 2,1, bPNNfBbPNfBbPNNffB nddd
origin

ndd
origin

nddndd
origin += ,       (23) 

  )1ln(),,,(1, ηη
ndd

ndd
origin

NfbPNfB += ,                          

  )1ln(),,,,(2, ηη originnddd
origin

N
bPNNfB += ,     

where originN , the rate at which “ requests”  for the suffix arrive at the origin from all proxies, is 

derived using equation (8), in chapter 6, for each type of proxy (distinct and non-distinct) :  

η
η

η
η

+−×

−+
+

−=
)1(

)1()1(

P
Nf

Nf

Nf

Nf
N

ndd

ndd

dd

dd

origin .            (24) 

Similarly, if the file is cached only at the non-distinct proxies, Borigin is split into Borigin,1, the 

required origin bandwidth to deliver the fraction fnd to the clients of the distinct proxy, and  Borigin,2, 
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the required bandwidth to deliver the suffix to the clients of all proxies, which are derived, 

similarly to equations  (23)-(24), as follows: 

 fd = 0, fnd > 0 :    

   ),,,,(),,,(),,,,,( 2,1, bPNNfBbPNfBbPNNffB nddnd
origin

dnd
origin

nddndd
origin += ,   (25) 

)1ln(),,,(1, ηη
dnd

dnd
origin

NfbPNfB += ,             

)1ln(),,,,(2, ηη originnddd
origin

N
bPNNfB += ,                        

     
η

η
η

η
+−×

−+
+

−=
)1(

)1()1(

P
Nf

Nf

Nf

Nf
N

ndnd

ndnd

dnd

dnd

origin  .     

 The most complex scenario is when a fraction of the file is cached at all proxies. Two cases 

must be considered: fd≤ fnd and fnd≤ fd. For each such case, Borigin is split into two components. One 

component, Borigin,1, corresponds to the required bandwidth to deliver the intermediate segment of 

length | fd - fnd | that is not cached in at least one of the proxies. The other component, Borigin,2, 

corresponds to the required bandwidth to deliver the last suffix of the file to the clients of all 

proxies. Borigin,1 and Borigin,2 , for each of the two cases, are derived using a reasoning similar to the 

one used for the derivation of each component of  Borigin in the two previous scenarios.  

0 < fd≤ fnd:   

),,,,(),,,,(),,,,,( 2,1, bPNNfBbPNffBbPNNffB nddnd
origin

dndd
origin

nddndd
origin += ,  (26) 

��
���� +−+×= )1ln()1ln(),,,,(1, ηηη

dddnd
dndd

origin
NfNfbPNffB ,                               
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)1ln(),,,,(2, ηη originnddnd
origin

N
bPNNfB += ,       

η
η

η
η
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+

−=
)1(

)1()1(

P
Nf

Nf

Nf

Nf
N

ndnd

ndnd

dnd

dnd

origin .                

0 < fnd≤ fd:   

),,,,(),,,,(),,,,,( 2,1, bPNNfBbPNffBbPNNffB nddnd
origin

dndd
origin

nddndd
origin += , (27) 

)1log(),,,,( _int,
1, η

η segmentermediateoriginndndd
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bPNffB += ,      
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bPNNfB += ,                       
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Appendix D  

Examples of CDN Design Problems 

Figures 60 and 61 show example of two delivery system design problem where client nodes, 

labeled with their symbol in Table 19 (chapter 7), are represented by lightly shaded nodes in the 

diagram. To simplify the diagram in Figure 60, all bi-directional links are shown as undirected 

arcs.  

 

 

 

 

 

 

 

 

 

Figure 60: Delivery System Design Problem: Example A (AS level topology) 
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Figure 61: Delivery System Design Problem: Example B (router level topology)  
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Appendix E  

Penalty from Using Alternative Routing 
and Placement Strategies for Scalable 
CDNs 

E.1 Maximum Penalty from Using Alternative Routing Strategies 

This appendix uses the simple topology shown in Figure 62, with one server S and two clients A 

and B, to analyze the efficiency of using one of two canonical delivery trees, namely the tree of 

shortest paths (tsp) or the tree of fewest links (tfl), for scalable delivery.  We compare the network 

delivery cost of each such tree against the optimal, referred to as the network delivery cost of the 

tree of minimum cost, tmin.   

Each tree tx, x ∈ { sp, fl, min} , is defined by three parameters, shown in Figure 62, that 

determine the path segments: ax, the length (in number of hops) of a shared path segment from the 

server S to an interior node Ix, and bx and cx, the lengths of  two unshared segments from Ix to the 

clients. In the following, we will interchangeably refer to each segment and its length by the 

corresponding parameter. Let Bsp, Bfl and Bmin be the network delivery cost of tsp, tfl and tmin, 

respectively. The following analysis derives the penalties, in terms of network delivery cost 

increase compared to the minimum, associated with tsp or tfl for arbitrary values of  ax,  bx  and  cx,                         

x ∈ { sp, fl, min} . 
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Without loss of generality, we assume NA ≤ NB , where  NA and NB  are the demands of clients A 

and B. The cost associated with tsp or tfl depend on the network bandwidth for each tree, defined as:    

Bx = ax log(NA + NB +1) + bx log(NA +1) + cx log(NB +1),   for all x ∈ { sp, fl, min} ,          (28) 

and the penalties are given by:  

)1log()1log()1log(
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=
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NccNbbNNaa

B

BB
tPenalty   (30)  

The maximum penalty associated with tsp is derived by first defining constraints on the 

parameters asp, bsp, and csp, for given amin, bmin and cmin, such that both trees are valid (i.e., tsp 

contains the shortest paths to the clients and tmin has the lowest network bandwidth). These 

constraints impose lower and upper bounds on the values that can be assigned to each parameter, 

which are used to derive an upper bound on expression (29). A similar approach is also used to 

derive the maximum penalty associated with tfl. The following derivations will show that: a) the 

maximum penalty associated with tsp is bounded and this bound can be expressed as a function of 

the lengths of the path segments in tsp and the shortest distance between the two clients and b) the 

maximum penalty associated with tfl is not bounded. We first derive the maximum penalty 

associated with tsp.  

Figure 62: Canonical Delivery Tree with Two Client Sites(x ∈ { sp , fl, min} )  
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The following constraints must hold so that the tsp and tmin are valid: 

(1) Bsp  ≥  Bmin . 

This constraint guarantees that tsp does not have lower network bandwidth than tmin. 

(2) asp + bsp ≤  amin + bmin    �    bsp  −  bmin  ≤  amin  −  asp.  

(3) asp + csp  ≤  amin  + cmin  �    csp   −  cmin  ≤  amin −  asp. 

Constraints (2) and (3) guarantee that the paths in tsp are the shortest paths to the clients. 

(4)  asp ≤  amin. 

To prove that this constraint must hold, we show that if asp > amin then Bsp < Bmin, i.e., tmin is not 

valid. Applying the upper-bounds on bsp − bmin  and csp  − cmin, derived from constraints (2) and (3) 

in equation (29), we have: 
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Note that log(NA + NB +1) <  log(NA +1) + log(NB +1). Thus, if asp > amin, the penalty associated 

with tsp is negative, i.e.,  Bsp  < Bmin. Therefore, asp ≤  amin 

The above constraints are used to derive an upper bound on expression (29) as follows. 

Starting from equation (31), reorganizing the numerator, and expressing bmin + cmin as f (amin – asp), 

an upper bound on the penalty associated with tsp is given by: 
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In practice, given a server and two clients, one can use bounds on the values of amin, bmin and 

cmin to calculate f = (bmin+ cmin)/(amin  – asp) and thus the upper-bound on the penalty of using tsp as 

follows. The shortest distance d between the two clients can be used as a lower bound on bmin + cmin 

and the sum asp + bsp + csp can be used as an upper bound on the value of amin, i.e.,  bsp + csp   is used 

as an upper-bound for amin – asp. The value of f and the maximum penalty from using tsp can then be 

defined as: 
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Therefore, given a server, two clients and the tree of shortest paths from the server to the two 

clients, the larger the shortest distance between the clients, relative to the sum of the lengths of the 

unshared paths, the closer to optimal is the network delivery cost of the tree of shortest paths7.  

A tighter bound on amin – asp, and thus on the penalty of tsp can be derived from constraint (1): 

                                                   

7 We point out that in case there are multiple tsp’ s from a server to two clients, the one that has the longest 
shared segment is the one with lowest cost. 
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In chapter 7, to simplify the explanation, we will use the less tight upper bound on the penalty 

defined in (33) However, in practice, expression (34) can be used to more accurately estimate the 

value of f and the penalty associated with tsp. 

 The maximum penalty associated with tfl is derived next, by first identifying the following 

constraints as necessary so that tfl and tmin are valid: 

(1)  afl + bfl + cfl ≤  amin  + bmin + cmin �    afl  –  amin  ≤  bmin  –  bfl + cmin – cfl  

This constraint guarantees that the number of links in tfl is not larger than the number of links 

in tmin. 

(2) afl  log(NA+NB+1) + bfl  log(NA+1) + cfl log(NB+1) ≥ 

      amin log(NA+NB+1) + bmin log(NA+1) + cmin log(NB+1) 

This constraint guarantees that Bfl, the network bandwidth of tfl, is no lower than Bmin. 

(3) amin ≤ afl .          

To prove that this constraint must be true we show that if amin > afl, a third tree that has lower 

network delivery cost than the given tmin can be built, i.e., tmin is not valid. First, we show that if  

amin > afl  then  afl + cfl  > amin  + cmin. If the path segments that have the higher network bandwidth in 
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tfl (i.e., afl and cfl) have total length shorter than the total length of the corresponding path segments 

in tmin, then, given constraint (1), clearly, Bfl < Bmin. Thus, if amin > afl , then afl + cfl  > amin  + cmin.  

However, if afl + cfl  > amin  + cmin, then bfl < bmin, otherwise constraint (1) does not hold. But if  

a) amin > afl,  b) afl +cfl  > amin + cmin and  c) bfl < bmin  then a third tree with path  segments afl ,  bfl and 

amin– afl+cmin can be built and this tree has network bandwidth, Bnew,  lower than Bmin: 
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An upper bound on the maximum penalty associated with tfl is derived using the above 

constraints as follows. Applying the upper bound on afl – amin, in constraint (1) to expression (30): 
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We could not find a simpler expression for the upper bound on the penalty associated with tfl. 

Note that it can be arbitrarily high (if NB >> NA), depending on the values of amin, bmin, cmin, NA and 

NB.  Taking the limit of expression (35), the maximum penalty converges to bmin/(amin+cmin) as NB  
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increases. Compared to the fixed upper bound for tsp, tfl may be significantly more expensive than 

tsp if the paths to the clients are much longer, despite the sharing.        

E.2 Maximum Penalty from Placement Optimized for  Unicast  Delivery 

Consider the topology shown in Figure 63, with one replica already placed at the top node and two 

clients, A and B. The shortest distances between any two nodes in the topology are shown in the 

figure. As discussed in section 7.4, assuming the placement of a second replica is constrained to 

one of the two clients, the optimal solution for conventional and scalable delivery may be different 

if the client with lowest demand is farther away from all other nodes. This section derives the 

maximum penalty, in terms of network delivery cost increase, if the optimal solution for 

conventional delivery is used for a scalable system. Note that this analysis assumes that the second 

replica is placed at one of the two clients. In general, the optimal placement might be at another 

(interior) node, not shown in Figure 63. However, we make this simplifying assumption in order to 

be able to derive insights into the maximum penalty associated with conventional placement 

strategies, which are useful for more general topologies.  

Without loss of generality, we assume NA ≤ NB. Client A, with lowest demand NA, is farther 

away from the other nodes if either d2 + d ≤ d1 + d ≤ h or d2 + d ≤  h ≤  d1 + d.  For the following 

analysis, we assume  d2 + d  ≤  d1 + d  ≤  h, although a similar result is obtained for the other case. 

Figure 63:  Topology for  Analyzing Placement of a Second Replica 
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Let Bconventional(i) and Bscalable(i) be the bandwidth cost after the second replica is placed at client 

node i ∈ { A, B} , for conventional unicast and scalable multicast delivery, respectively. The optimal 

solutions for the placement of the second replica for conventional and scalable delivery are 

different if  Bscalable(A) < Bscalable (B) and Bconventional (B) < Bconventional(A), i.e.: 

)1log()()1log()( 12 ++<++ AB NddNdd   and     BA NddNdd )()( 21 +<+   

or, more concisely,  
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The maximum cost penalty from using the optimal placement for conventional delivery in this 

configuration for a scalable CDN can be derived by assuming (d1+d)/(d2+d) is as large as possible, 

without violating (36), i.e., (d1+d)/(d2+d) < NB/NA.  The maximum penalty is then given by: 
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Fixing NA, the maximum penalty is unbounded, i.e., it increases with NB, provided (36) holds.  


