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ABSTRACT

This paper studies the conditions under which peer-to-peer
(P2P) technology may be bene cial in providing IPTV ser-
vices over typical network architectures. It has two major
contributions.  First, we contrast two network models used
to study the performance of such a system: a commonly used
logical \In ternet as a cloud" model and a \ph ysical" model
that re ects the characteristics of the underlying network.
Speci cally , we show that the cloud model overlooks impor-
tant architectural aspectsof the network and may drastically
overstate the bene ts of P2P technology by a factor of 3 or
more. Second, we provide a cost-benet analysis of P2P
video content delivery focusing on the prot trade-os for
di eren t pricing/incen tive models rather than purely on ca-
pacity maximization. In particular, we nd that under high
volume of video demand, a P2P built-in incentive model per-
forms better than any other model for both high-de nition
and standard-de nition media, while the usage-basedmodel
generally generates more prots when the request rate is
low. The at-rew ard model typically performs better than
the usage-basedmodel - especially when most requests are
for high-de nition media.

Keyw ords : IPTV, P2P streaming, Content distribution
network, FTTN, Video-on-Demand.

1. INTRODUCTION

Internet protocol TV (IPTV) promisesto o er viewersan
innovativ e set of choicesand control over their TV content.
Two major U.S. telecommunication companies, AT&T and
Verizon, have invested signi cantly to replace the copper
lines in their networks with b er optic cablesfor delivering
many IPTV channelsto residertial customers.
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A viewer can receive IPTV videos in good quality if the
available bandwidth satis es the needof video encading rate
for the target resolution and frame rate. To provide su -
cient bandwidth for IPTV services,Internet serviceproviders
use high speedxDSL or cable networks to deliver video con-
tent to viewers' set-top boxes. As an example, AT&T Light-
Speedis using Fib er-to-the-Neighborhood (FTTN) Networks.
Its architecture consists of a small nhumber of national su-
per head-ends(SHE) and a large number of local video hub
oces (VHO). The super head-ends serve as the national
content aggregation points for broadcast and video on de-
mand encading. The local video hub o ces provide aggre-
gation and storage of local content. Each video hub o ce
sernesasa Video-On-Demand (V OD) library and distributes
video content through local accessswitchesto the customers.
We refer to this network hierarchy as the \ph ysical" model
throughout the paper. FTTN networks can provide 20-
25Mbps bandwidth to ead household, which is typically
enough to support seweral high quality TV streams as well
as high speed Internet and Voice over IP (VolIP) services.

A signicant problem in providing IPTV servicesis its
high deployment and maintenance cost. In addition, the
capacity of the video servers can quickly become a bot-
tleneck. One solution to alleviate the load on seneers is
to use peer-to-peer (P2P) systems like Skype [15] or Kon-
tiki [10]. While early P2P systems were mostly used for
le downloading, recertly there have beensewral e orts on
using the peer-to-peer approach to support live streaming
[16][17][5][2][3]L1] and VOD streaming[14][7][13][6]. Exist-
ing researt studies that evaluate the bene ts of P2P video
content delivery typically do not consider the constraints of
the underlying serviceinfrastructure (e.g.,[12][18]). Rather,
they view the network as a \cloud". Researders, however,
are increasingly aware of the needto reduce cross-ISP P2P
trac, while maintaining satisfactory P2P performance[4].
In this paper, we reveal the de ciency of this cloud model
and investigate when P2P streaming can be bene cial in an
IPTV environment. As we will see,P2P video sharing can
be harmful under certain network conditions.

Another challenge for P2P streaming in an IPTV envi-
ronment is the pricing strategy. Most broadband ISPs today
chargea at feefor providing bandwidth. Usage-basedpric-
ing has emergedin some markets but even in those casesit
is limited to volume-basedpricing. Among the limited early
work on pricing strategies for P2P, Adler, et al. [1] pro-
vided a comprehensive model applicable to a variety of P2P
resource economies. Implementation of peer selection algo-
rithms in realistic networking models like the IPTV environ-



Figure 1: Cloud Mo del

ment was not addressed. Hefeedaet al. preserted a cost-
prot analysis of a P2P streaming service for heterogeneous
peers with limited capacity [8]. The analysis shows that

the service provider can achieve more prot by providing

the appropriate incentiv esfor participating peers. However,

their analysis did not consider the bandwidth constraints

of the underlying infrastructure and hence cannot be easily
extended to our IPTV environment.

We make the following contribution in this paper:

We compare two network models (the \cloud" model
and the \physical" model) and show that the cloud
model can dramatically overestimate P2P bene ts by
a factor of 3 or more.

We couple three P2P pricing models ( at-fee, usage-
based,and built-in) with a\ph ysical" model and study
their trade-os from a prot perspective.

The rest of the paper is organized as follows. We describe
the physical network model and constraints for the IPTV
system in section 2. Section 3 provides the insights as to
why a more accurate physical network model is necessary
to realize a pro table IPTV system. Three dierent pricing
models are analyzed and simulated in section 4. Section 5
provides a conclusion and potential future work.

2. NETWORK MODELS

This section contrasts two network models that can be
usedin studying the performance of P2P video content de-
livery.

2.1 Cloud Model

Researt in P2P streaming typically considers Internet
at a logical level[12][18]: it represerts the Internet at large
as an abstract cloud and only considersthe capacity of the
content server and the characteristics of the accesslinks to
related hosts. Werefer this view of the Internet asthe \cloud
model" as shown in Figure 1.

2.2 Physical Model

In contrast to the cloud model, the physical model con-
siders the network architecture and bandwidth constraints
of the underlying links and network devices. In [9], we de-
scribed and analyzed the physical model of FTTN access
networks for IPTV services. The model and analysis can
also be applied to xXDSL or Cable connections.

Figure 2: Physical Mo del for IPTV Service

As shown in Figure 2, video streaming servers are orga-
nized in two levels - a local video hub oce (VHO), which
consists of a cluster of streaming servers or proxies to serve
viewers directly, and national super head end (SHE) o ces,
which can distribute videosto local serving o ces basedon
existing policies or on demand. We concertrate on video
on demand (VOD) in this paper. Each local VHO oce
(often referred to as\lo cal o ce" below) connectsto a set
of accessswitches such as xDSL, FTTN or Cable switches
through optical b er cables. Each switch connectsa commu-
nity of IPTV service customersthrough twisted-pair copper
wires, b ersor coaxial cables. A community consists of all
homeswhich are connectedto the sameaccessgxDSL or Ca-
ble) switch. A local VHO also includes a service router to
connect to a national SHE o ce. These uplinks (or \north-
bound links") of local oces are implemented over high-
speed optical b er networks.

The following parameters are used throughout the paper:

Bop : Download bandwidth into a home.

Bou: Upload bandwidth out of a home.

Bis: Total capacity of south-bound links (downlinks)
of a local accessswitch.

Bin: Capacity of the north-b ound link (uplink) of
an accessswitch determined by the total bandwidth
of north-b ound b ers from a switch to a local VHO
and the switching capacity of the service router in the
VHO.

B2s: Maximum throughput in a local VHO deter-
mined by capacities of servicerouters, optical network
cablesand/or streaming serversin the VHO.

u: Averagestreaming bit rate for a video.

N : Maximum number of concurrent viewers supported
by a local VHO.

As an example, AT&T LightSpeednetwork allocates 20to
25M bps download bandwidth (Bop ~ 25M bps) and 1M bps
upload bandwidth (Bou 1M bps) to each home. Light-
Speedusesan FTTN switch which hasa maximum of 24Gbps
downlink (or \south-side") switching capacity (Bis
Each FTTN switch can connectan OC-24 b erto a service
router in a local VHO (Bin 1:244Gbps). The service
router in a local VHO could then connect an OC-192 b er
to national SHE o ces. Each high-de nition (HD) channel
uses 6Mbps bandwidth and ead standard-de nition (SD)
channel uses2Mbps bandwidth.

24Gbps).



2.3 Network Constraints under PhysicalModel

In a physical network environment, all P2P upload traf-
¢ has to traversethrough the accessswitches and service
routers that connect the peers. As a result, P2P streaming
will increase the load of accessswitches, local o ces and
national o ces.

Compared with the convertional IPTV services,P2P shar-
ing within a community may not be bene cial if the south-
bound link bandwidth of an accessswitch is the bottleneck.
However, P2P sharing within a community decreasesthe
load on the north-b ound link of an accessswitch. Therefore,
P2P sharing within a community will have the most bene t
if the infrastructure bottleneck is on the north-b ound link
bandwidth of an accessswitch.

Similarly, P2P sharing among peers across communities
increasesthe trac on both the north-b ound links and the
south-bound links of accessswitches. If the network bot-
tleneck is in either Biny or Bis, P2P sharing among peers
in all communities creates more congestion for the switches
and decreasesthe number of concurrent viewers which can
be served by a local o ce. In this case,P2P sharing across
communities is not bene cial for IPTV service providers.
Also, if an IPTV service provider can apply content dis-
tribution network (CDN) technologies such as caching and
replication to reduce the workload in SHE, the benet of
P2P sharing acrosscommunities in a VHO is very limited.
The detailed analysis of network constraints for P2P IPTV
servicescan be found in [9].

3. NETWORK AT THE PHYSICAL LEVEL

A key insight of this paper is that using the \cloud model"
for P2P streaming is over simplistic and misleading. More
reliable results can be obtained by considering the network
at the physical infrastructure level. To demonstrate our
point, consider the following simple P2P algorithm. The
content server receives a request for a video, identi es can-
didate peerswith that video and spare upload capacity, and
selects a random set among them to collectively serve the
video. If not enough candidates are available to serwe the
video at its encading rate, the server tries to serve the re-
maining portion itself, or deniesthe requestif it cannot.

We simulated the performance of the system under the
two models. For the physical model, we used a slice of the
infrastructure of Figure 2 corresponding to one local o ce
with 20 communities and consideredthe situation where the
content server in the local o ce distributes video content to
the viewers in these communities. For the cloud model, we
assumethe same content server and viewers are connected
via the Internet cloud. We assumethe same behavior for
every node in the community: an idle user (i.e., the user not
viewing a stream already) requestsa stream with probabil-
ity of 2% every time tick. A time tick occurs every minute.
A peer may download only one stream at a time. There
are 1000 video programs available for viewing. When a peer
issues a request, it selects a program according to Zipf's
popularity distribution. Each stream lasts 120 minutes and
has a data rate of 6Mbps.? Once downloaded, the program
remains available at the peerfor a period called the stream
time-to-liv e (stream TTL) with a default value of 2000 min-
utes. A peer may be turned o and on by its user. An

1The HD stream encading rate is constantly improving and
we expect it to eventually reach 6Mbps.

operational peeris turned o with probability 0.1% on ev-
ery time tick, and a non-operational peeris turned on with
probabilit y 0.5% on every tick. This meansthat on average
every peer stays on v e times longer than it stayso. We
further assumethat Biy = 0.622G (OC-12), and B,s = 10
G. Each data point in the graphs throughout the paper is
obtained by running the simulation program over 5000time
clicks and taking the average over the last 2500 time ticks
(when the system reached a steady state in all the simula-
tions).

The results for the cloud and physical models are shovn
in Figure 3. The gure also includes curvesfor the system
that does not use P2P delivery under the physical model.
Figure 3a shows the average number of concurrent viewers
the system can support as the number of peers grows for
xed network and server capacities. The cloud model in-
dicates that P2P delivery allows the system to serve more
concurrent viewers and to scaleto the growing number of
viewers. However, the result is drastically dierent when
the limitations of the physical infrastructure are brought
into the picture. In fact, the cloud model could overesti-
mate the benet by a factor of 2 when there are more than
800 peersin a community as shown in Figure 3a. Not only
doesthe P2P system serve fewer users,it doesnot scalewith
a growing number of usersand has only a slight capacity ad-
vantage over the much simpler centralized delivery (which
in fact turns to slight disadvantagefor other parameter set-
tings as seenin Figures 3b and 3c). The reasonbehind this
drastic change is the limitations of Bin, the links between
the local o ce and individual accessswitches. When P2P
delivery occurs across di erent communities, two of these
links are traversed: one upstream from the serving peer to
the local oce, and the other downstream from the local
oce to the receiving peer. Overall, these links are more
heavily utilized under P2P delivery and more requests are
denied.

Now consider the number of concurrent viewers under
varying capacity of the o ce-to-access-switch link (Figure 3b),
when the community sizeis xed at 500viewers. The results
for the cloud model are not a ected by this link since the
model doesnot considerit. However, the physical model re-
veals an important trend: the certralized delivery becomes
quickly bottlenecked at the server and stops responding to
the growing bandwidth of the o ce-to-access-switch link.
On the other hand, with P2P delivery, improvemert in this
link's capacity producesa roughly linear growth in the num-
ber of concurrent viewers served, at least within the band-
width range studied.

More di erences are seenwhen we increasethe server ca-
pacity instead (Figure 3c). In this case, the cloud model
quickly reachesthe point whereit servesall requestedstreams
and stops being a ected by the increase in server capac-
ity. In particular, this result might indicate that it is highly
bene cial to increasethe server capacity from 10 Gbps to
20 Gbps. Under physical model, however, the number of
concurrent viewers is una ected by this change. Thus, the
above investmert would be uselessunder the simple algo-
rithm we are considering. Comparing the P2P and certral-
ized delivery under the physical model, the certralized de-
livery bene ts from increasedserver capacity until it reaches
20 Ghps, after which the bottleneck shifts to the o ce-to-
access-swith link. However, this bottleneck transpires later
than in the P2P case. Overall, Figure 3 shows that de-
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Figure 4: Prot per unit time in the no-P2P mo del
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pending on whether or not the network operator plans to
use P2P delivery, they should focus their investmert on the
o ce-to-access-switch link bandwidth or spread it between
both server and o ce-to-access-switch link capacities. These
trade-o s cannot be revealed under the conventional cloud
model.

4. COST-BENEFIT ANALYSIS

In order to encourageviewersto make their set-top boxes
available for P2P sharing, some incentive may be given to
peerswho upload videos to other peers. This section ana-
lyzes the cost and bene t of deploying P2P technology on a
physical network and comparesits maximum possiblepro t
to that of a conventional IPTV service.

4.1 Maximum Benet for Conventional IPTV

Let r be the fee paid by a viewer in a time unit (e.g.
hours or days) for video streaming services. For conventional
IPTV services, the maximum revenue in a local oce per
time unit is

Rmax = rN

where N represerts the total number of viewers supported
by alocal o ce - with or without P2P incentiv es.
The maximum prot per time unit, Pnop2p, iS

maximum income
rN

Prop2p = I PTV expenses

Enop 2p

where Enop 2p is the capital and operation expensesof the
IPTV servicesper time unit.

4.2 P2PIncentive Models

To encourage P2P sharing among viewers, we consider
three incentive models: Built-in model, Flat-reward model
and Usage-basedmodel.

4.2.1 Built-in Model

In this model, every set-top box includes P2P streaming
software by default. Hence, P2P sharing is hidden from the
viewers. The maximum prot per time unit is

Po=rN Ep2p
where Epp is the total operation and capital expensesper
time unit for providing P2P IPTV services. It should be
greater than Enop2p becauseP2P software needsto be in-
stalled on serversand clients and hencewill increasethe cost
of the infrastructure. Let's assume

Ep2p = Enop2p + Ap2p

where Apzp includes the additional software licenseand main-
tenance feespaid for P2P software and of additional hard-
ware (such asdisk storage). In the built-in model, we assume
that the recurring software licence and maintenance feesand
the amortization of additional hardware results in eac set-
top box costing t dollars extra per time unit. Therefore,
Ap2p = tN . Then,
Pb =

rN tN

Enop 2p



4.2.2 Flat-reward Model

In this model, a viewer signs up for the video sharing
feature for a at reward. Assume w% of viewers in a com-
munity sign up for video sharing and the reward is d dollars
per time unit. The total number of viewers supported by a
local o ce is denotedto be N asbefore. The maximum cost
of incentiv e per time unit for the oce is dwN. Each peer
who signs up for the sharing needsto install and activate
the P2P software on her set-top box. We assumethat a ser-
vice operator incurs the P2P software licensefeeonly for the
set-top boxes which activate the P2P software. Therefore,
Ep2p equals Enop2p + twN. The maximum prot per time
unit in this model is

Ps

total income expenses incentiv e
= I’N Ep2p dWN
= r N Enop 2p tW N dWN

In general, w depends on d: increasing d will increase the
percertage of viewers willing to share videos and hencein-
creasew.

4.2.3 Usage-basednodel

In this model, a viewer who signed up for P2P sharing
will get credit basedon the number of bytes uploaded from
its set-top box. Let q be the credit per bit uploaded from
a viewer's set-top box and T be the length of a time unit
in seconds. The number of bits uploaded from peers for
P2P IPTV servicesin T secondsis TubN, where bN is the
number of viewers downloading videos from peers among
all N viewers in a local oce and u is the average video
streaming rate. The IPTV service provider givesincentiv es
to these supporting peersbasedon their contributed band-
width. In this model, the total reward given by an IPTV
service provider to peersin a local oce per time unit is
gTubN. The maximum income per time unit in this model
is

Ps = I’N Ep2p qbuTN

= I’N Enop 2p tN qbuTN

As an example to compare the maximum prot per time
unit under the conventional, no-P2P model and the three
incentive models, we assumethat ead viewer pays 3 dol-
lars to watch a movie (r=3) and each movie lasts about two
hours (T=7200 seconds). With download bandwidth Bop
of 22Mbps, upload bandwidth Boy of 1Mbps, and HDTV
streaming rate u of 6Mbps, each HD movie consumes43.2Gb
or 5.4GB and will require six streams from peer nodes for
P2P delivery. We further assumethat the capital/soft ware/
operational cost of each o ce is $100 million per year and
the additional cost of incorporating P2P software and hard-
ware (disk storage) on ead set-top box per time unit is 10
certs. We assumethat B,s = 50Gbps. Note that Bys is
also constrained by the total streaming throughput from the
server, which is about 10Gbps.

We can now plot the prot per unit time for the conven-
tional model vs. various incentive models of VOD services
with varying Bis (1-30Gbps) and Bin (1-10Gbps) capaci-
ties, asshown in Figure 4. The maximum number of concur-
rent users are estimated according to a linear optimization
program as discussedin [9]. In Figure 4, upper bounds for
N are usedto illustrate the prot capacity surfaces. Typical
valuesof w = 0:5,t = 0:1, g = 0:01 per Gb, and d = 0:02
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were used to estimate these capacities. The prot number
ramps up faster for the built-in model (with a given Bin)
compared to the no-P2P model as we increase the band-
width of B1s until it reachesa plateau. Such analysis helps
us identify where the focus of the investmerts should be in
increasing the overall prots. Givena xed Bis beyond cer-
tain capacity, ramping up the capacity of Bin appears to
add prot to the no-P2P model linearly sinceit allows more
usersin eadh community without relying on the P2P tech-
nology. Note that substantial investmernt may be needed
to increasethe Bin capacity, which is not re ected in this
graph.

4.3 Maximizing Prot Using MediaGrid Al-
gorithm

MediaGrid algorithm [9] is a P2P sharing algorithm which
selects peers for streaming or download based on physical
network conditions. To study the bene t of P2P technology
for an IPTV service provider under various incentive mod-
els, we performed an event-driv en simulation study using
the MediaGrid algorithm, with an additional enhancemern
allowing the stream delivery to be split betweenthe o ce
and peers(the original algorithm allowed split delivery only
in the aftermath of peer failures). Based on the analysis
in section 2, which shows that the benet of P2P sharing
among peersin di eren t communities is very limited [9], we
only consider P2P sharing within a community and simulate
a system comprised of the local o ce and one community.
We use two variations of the MediaGrid P2P sharing algo-



rithm for the simulation:

The \p eer-rst" MediaGrid algorithm where peersare

selected whenewer the requested video can be served

by peers.

The \server-rst" MediaGrid algorithm where peers

are selected only when the VOD server in a VHO is

overloaded.
We assumethe same simulation model as described in sec-
tion 3, using the physical network model. We assumethat
viewing each movie costs $3 (even if it is viewed from the
local cache), peer incentive in the at-rew ard model is 2.5
certs per time unit (120 minutes), and peerincentiv e in the
usage-basedmodel is 1 cent per upload minute. Figure 5
shows the prot numbers under the convertional no-P2P
model and the three incentive models for di erent commu-
nity sizes. As the number of peersincreases,all P2P incen-
tive models clearly generate more prot than the no-P2P
model, becauseof the increasedsystem capacity due to P2P
content delivery. However, we seelarge di erences among
the incentive models. In fact, the usage-basedmodel under-
performs the no-P2P model for small communities becauseit
may utilize (hence, compensate) peerseven when the server
has spare capacity (evenin the server-rst algorithm, oncea
peerstarts uploading the stream, it contin uesto do sofor the
duration of the movie regardlessof the server load). In the
usage-basedmodel, the server-rst strategy generatesmore
prots for small communities since it avoids making incen-
tive payments to peerswhenewer possible. As the number
of usersincreases,the server becomesfully utilized in both
approaches and their prots converge. Finally, the built-in
model always generatesmore pro ts than the other incentiv e
models. The reasonis that at the request rate usedin this
experiment (equal to 0.02 or one request every 50 minutes
from idle viewers), the system is su cien tly utilized for the
built-in model to amortize its investment on the additional
hardware and software.

What happenswhen the system is under-utilized? Figure

6 shows the e ect of lower requestrates on prot, for a xed
community size of 200 viewers. As Figure 6 reveals, when
the request rate is low, no-P2P model is actually slightly
more pro table than all P2P models except for the usage-
based model with the server-rst strategy. The latter stays
competitiv e since very few payments haveto be made. Once
the request rate picks up, the at-rew ard model and the
built-in  model becomemore pro table since they enjoy the
P2P benets without making additional payments, while
the usage-basedmodels fall behind. In fact, the server- rst
prots decreaseto converge with the peer-rst model. This
is due to the fact, that as the server utilization increases,
the server-rst strategy serves additional movies from the
peers,and peerincentiv esfor these movies (which can reach
$7.20for a fully peer-delivered movie under our paramters)
can exceedthe viewing revenue ($3).

5. CONCLUSIONS

This paper studied the conditions under which P2P tech-
nology may be bene cial in providing IPTV services. We
show that the cloud model may drastically overstate the
bene ts of P2P video content delivery. Thus, one must con-
sider physical network infrastructure to obtain more reliable
results. Finally, we provide a cost-benet analysis for dif-
ferent pricing/incen tive models. In summary, P2P may not
be bene cial for IPTV servicesunless we employ properly

engineeredalgorithms and incentiv e strategies as discussed
in this paper.

6. REFERENCES

[1] M. Adler, R. Kumar, K. Ross,D. Rubenstein, T. Suel,
D. Yao, Optimal peer selection for p2p downloading and
streaming, Proc. of INFOCOM 2004.

[2] S. Banerjee, Bobby Bhattac harjee, and C.
Kommareddy, Salable application layer multicast, in
Proc. of ACM SIGCOMM 2002.

[3] Mayank Bawa, Hrishik esh Deshpande, Hector
Garica-Molina, Transience of Peers and Streaming
Media, in ACM SIGCOMM Computer
Communications Review, January, 2003.

[4] R. Bindal, P Cao, W. Chan, J. Medved, G. Suwala, T.
Bates, A. Zhang, Improving Trac Locality in
BitT orrent via Biased Neighlor Selection, in Proc. of
ICDCS, 2006.

[5] H. Deshpande, M. Bawa and H. Garcia-Molina,
Streaming Live Media over a Peer-to-Peer Network,
Stanford database group technical report (2001-20),
Aug. 2001.

[6] Yang Guo, Ky oungwon Suh, Jim Kurose, and Don
Towsley, A Peer-to-Peer On-Demand Streaming Service
and Its Performance Evaluation, in Proc. of IEEE Int.
Conf. on Multimedia Expo (ICME'03), 2003.

[7] Yang Guo, Ky oungwon Suh, Jim Kurose, Don Towsley
P2Cast: P2P Patching Schemefor VoD Service, in
Proc of 12th WWW, 2003.

[8] M. Hefeedaand A. Habib and B. Bhargava, Cost-pro t
analysis of a peer-to-peer media streaming architecture,
Tedhnical report, CERIAS TR 2002-37,Purdue
Univ ersity, June 2003.

[9] Y. Huang, Y. Chen, R. Jana, H. Jiang, M. Rabinovich,
A. Reibman, B. Wei, and Z. Xiao, Capacity Analysis of
MediaGrid: a P2P IPTV Platform for Fiber to the
Node Networks, in IEEE Journal on SelectedAreas in
Communications special issueon Peer-to-Peer
Communications and Applications, January 2007.

[10] Kontiki - www.kontiki.com

[11] X. Liao, H. Jin, Y. Liu, L. M. Ni, D. Deng, AnySee:
Peer-to-Peer Live Streaming, in Proc. of IEEE
INF OCOM, 2006.

[12] V. N. Padmanabhan, H. J. Wang, P. A. Chou, and K.
Sripanidkulc hai, Distributing Streaming Media Content
Using Cooperative Networking, ACM NOSSDAV, May
2002.

[13] Stefan Saroiu, P. Krishna Gummadi, and Steven D.
Gribble, A measurement study of peer-to-peer le
sharing systems in Proc. of ACM/SPIE on Multimedia
Computing and Networking (MMCN'02), January
2002.

[14] Simon Sheu, Kien A. Hua, Wallapak Tavanapong,
Chaining: A Generalized Batching Technique for
Video-on-Demand Systems in Proc. of the IEEE Intl
Conf. On Multimedia Computing and System, June
1997.

[15] Skype -www.skype.com

[16] Duc A. Tran, Kien A. Hua, Tai T. Do, A Peer-to-Peer
Architecture for Media Streaming, in IEEE Journal on
Selected Areas in Communication, Special Issue on
Advancesin Overlay Network, 2003.

[17] Eveline Velos, Virgilio Almeida,W agner Meira, Azer
Bestavros, Shudong Jin, A Hierarchical
Characterization of a Live Streaming Media Workload,
in IEEE IMW'02, 2002.

[18] Dongyan Xu and Sunil SureshKulk arni and Catherine
Roserberg and Heung-Keung, A CDN-P2P Hybrid
Architecture for Cost-E e ctive Streaming Media
Distribution , Computer Networks, Vol. 44, Issue.3, pp.
353-382,2004.



