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Push-to-Peer Video-on-Demand system:

design and evaluation

Kyoungwon Suhy, Christophe Diot, Jim Kurosey, Laurent Massoulíe,

ChristophNeumann,Don Towsleyy, Matteo Varvello

Abstract—We proposePush-to-Peer, a peer-to-peer

system to cooperatively str eam video. The main

departur e fr om previous work is that content is

proactively pushed to peers, and persistently stored

before the actual peer-to-peer tr ansfers. The initial

content placement increasescontent availabili ty and

impr oves the use of peer uplink bandwidth.

Our speci�c contrib utions are: (i) content place-

ment and associated pull policies that allow the

optimal use of uplink bandwidth; (ii) performance

analysis of such policies in contr olled envir onments
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such as DSL networks under ISP contr ol; (iii ) a

distributed load balancing strategy for selection of

serving peers.

Index Terms—Peer-to-Peer network s, Video on

Demand service, push service, rateless coding, ran-

domized peer selection

I . INTRODUCTION

Over the past � ve years, there has been

considerable researchin theuseof peer-to-peer

networks for distributing both live [6], [28],

[21], [20] and stored [7], [2] video. In such

systems,peerinterestplays the central role in

content transmission andstorage- a peerpulls

content only if the content is of interest.Once

pulled content hasbeenstored locally, thepeer

may then in turn distribute this content to yet

other self-interestedpeers.Such a pull-based

systemdesignis naturalwhen individual peers

are autonomousand self-interested.However,

whenindividual peers areunder common con-
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trol, for example in thecaseof residential home

gatewaysor set-top boxesunder the control of

a network or content provider, a wider range

of systemdesigns becomespossible.

The useof home gateways or set-top boxes

under the control of a network or content

provider is motivatedby the fact that the they

meetmuch strongerreliability requirements in

terms of systemandbandwidth availability. In

fact, many ISPs and content providers have

alreadydeployed or have plansto deploy such

equipment (though they do not have peer-to-

peer functionality) in subscribers' premisesto

offer billable contentservices.

Our objective is to designa reliable VOD

architecture that relies on peer-to-peer transfer

as a primary meansto provide high-quality

streaming. To the bestof our knowledge, most

pull-basedvideo streaming services either pro-

vide only low-quality video (i.e., less than

500Kbps) or use hybrid approaches in which

therole of P2Pstreaming is limited to reducing

the traf�c loadposed on their streaming infras-

tructure(e.g., ZATTOO [27] andJOOST[12]).

Though PPLIVE [20] has beensuccessful in

providing video streaming without much in-

frastructure support, it has beenreported that

it relies heavily on hosts in university net-

works [10].

In this paper, we investigatethedesignspace

of a Push-to-Peer Video-on-Demand (VoD)

system.In sucha system, video is �rst pushed

(e.g., from a content creator) to a population

of peers.This � rst step is performed under

provider or content-owner control, and can be

performed during times of low network uti-

lization (e.g., early morning). Note that as a

result of this push phase, a peer may store

content that it itself hasno interestin, unlike

traditional pull-only peer-to-peersystems.Fol-

lowing the pushphase,peersseeking speci� c

content then pull contentof interestfrom other

peers,as in a traditional peer-to-peersystem.

The Push-to-Peer approachis well-suited to

cooperative distribution of stored videoamong

set-top boxesin a DSL network, wheretheset-

top boxes themselves operateunder provider

control. We believe, however, that the Push-to-

Peer approach is more generallyapplicable to

casesin which peersarelong-livedandwilli ng

to have contentproactively pushedto thembe-

fore video distribution among the cooperating

peersbegins.

In this paper, we consider the design and

analysis of a Push-to-Peer system in a net-

work of long-livedpeerswhereupstream band-

width andpeerstorage arethe primary limiting

resources. We considera controlled environ-

ment, with a set of always-on peers, constant

available bandwidth among the peers,and the

possibility of centralized control, assumptions

appropriate in the speci�c setting of a VoD
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systemconsisting of set-top boxeswithin a sin-

gle DSLAM [11] in a DSL network. DSLAMs

of providers suchasFranceTelecom typically

connectaround 800DSL users. With this num-

ber of users, if 50 GigaBytes of storageis

available on each DSL gateway, it is possible

to store up to 5600 DVD-quality movies un-

der a single DSLAM. This number of movies

would be scaleddown by a suitable factor for

the replicatedplacement schemeswe advocate

later.

We begin by describing an idealized pol-

icy for placing video data at the peers dur-

ing the push phase- full striping - and its

consequentpull policy for downloading video.

We also considerthe practical case in which

the number of peers from which a peer can

download is bounded,and propose a code-

based scheme to handle this constraint. We

demonstrate that these two placementpolicies

are optimal among policies that make use of

the same amount of storageper movie, in that

they maximize thedemandthat the system can

sustain.

Weanalyzetheperformanceof thesepolicies

(in termsof blocking undera no-wait blocking

model, and delay under a model in which

blocked requestsare queued until they can

be served). Our performancemodels can be

usednot only to quantitatively analyzesystem

performance but also to dimension systems

so that a given level of user performanceis

realized - an important consideration if Push-

to-Peer is providedasa billable service by the

network provider. We alsoconsiderthe caseof

pre�x caching at the peers.

The remainder of this paper is structured

as follows. In Section II , we describe the

controlled DSLAM setting, and the push and

pull phasesin more detail. We alsosummarize

some of the importantdifferencesbetween the

Push-to-Peer and traditional peer-to-peer ap-

proaches for VoD. In Section III, we describe

two policies for placing videodata at the peers

during the push phase.In Section IV we ana-

lyze the performanceof the previous schemes

under both a blocked-calls-lost and blocked-

calls-queued model. We apply those analytical

results to address pre� x sizing problem. In

Section V we proposea distributed job place-

ment algorithm and investigateits performance.

Section VI discussesrelatedwork. Section VI I

concludes this paper.

I I . NETWORK SETTING AND PUSH-TO-PEER

OPERATION

In this section, we describe the network

setting for the Push-to-Peer architecture and

overview thepushandpull phasesof operation.

We also describe our video playback model,

in termsof user requirementsandperformance

metrics.
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We will describe the Push-to-Peer architec-

ture in the context of a number of always-

on set-top boxes (STBs) or Residential Home

Gateways(RHGs) that collectively sit below a

DSLAM in a DSL network and cooperatively

distribute video amongstthemselves.

The Push-to-Peer systemcomprises a con-

tent server, a control server, and boxes at the

user premises. The content server, located in

thecontent provider's premises, pushescontent

to the boxes during the push phase, as de-

scribed below. A control server is also located

in the content provider's premise; it provides

a directory service to boxes in addition to

management and control functionalities. The

always-on STBs or RHGs reside at the cus-

tomer premises. Although thereare important

technological and commercial differences be-

tweenSTBsand RHGs,we will refer to these

devices generically as boxesin the remainder

of this paper, sincethecrucial capabilities - the

ability to download, upload, and store video

under provider control - are common to both

STBs andRHGs.

Contentdistribution proceeds in two phases

in our Push-to-Peersystem.

� Push Phase.During the pushphase, the

contentserver pushescontent to each of

theboxes.We envision this occurring peri-

odically, whenbandwidth is plentiful (e.g.,

in theearly AM hours),or in background,

low priority mode. After pushing content

to the peers, the contentserver then dis-

connects(i.e., doesnot provide additional

content), until the next push phase.A

crucial issue for the push phase is that

of dataplacement:what portionsof which

videos shouldbe placed on which boxes;

we addressthis problem in Section3.

� Pull Phase. In the pull phase, boxes re-

spondto usercommandsto play content.

Since a box typically does not have all

of the needed content at the end of the

pushphase, it will needto retrieve missing

contentfrom its peers.While it is possible

for the boxes to proactively push content

among themselves (not in response to user

commands)we do not consider that pos-

sibility here. We assume that a user wil l

watchonly one video at a time.

We make the following assumptions about

the DSL network, and the boxes at the user

premises:

� Upstream and downstream bandwidth.

We assume that the upstream bandwidth

from each box to the DSLAM is a con-

strained resource, most likely smaller than
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the video encoding/playback rate 1. We

assume that when a peer uploads video

to N different peers, the upstream band-

width is equally sharedamongthosepeers.

We also assume that video is transferred

reliably, either using FEC or ARQ. We

assume that the downstream bandwidth

is suf�ciently large that it is never the

bottleneckwhen a peerdownloadsvideo

from other (possibly many other) peers

(instead,theupstream bandwidthsat those

other peers are collectively the limiting

resource).We thus also assume that the

downstream bandwidth is larger than the

video encoding/playback rate.

� Peer storage.We assumethat boxeshave

hard-disks that can store content that is

pushedto the box during the push phase.

This content can then be uploaded to

other peersupon request, during the pull

phase. The disk may also store movie

1For example, AT&T lightspeednetwork and VerizonFiOS

allocate up to 1Mbps and 2Mbps upload bandwidth to each

homerespectively. The video encoding ratefor high-de�nition

(HD) video uses6 Mbps bandwidth andthe ratefor standard-

de�nition (SD) uses 2Mbps bandwidth [5]. Clearly, the ag-

gregate upstreambandwidth of peers may be smaller than

the aggregatedownloadingbandwidth needed to support high-

quality p2p video streaming service. More importantly, the

maximum upstreambandwidth could bereliably achievedonly

when the traf� c is sent locally amongthe nodesconnected by

a sameswitch such asDSLAM [5].

pre�x es, that are usedlocally at the box

to decrease startup delay, as discussed in

Section 4. We note thatwhen a box needs

to pull video from otherboxesfor playout,

this video must also be stored in a local

playout buffer, but we do not consider

the (relatively small) requirementsof this

playout buffer here.

� Peer homogeneity. We assumethat all

peershave the sameupstream link band-

width and the same amount of hard disk

storage.

Each movie is chopped into windows of

contiguous data of size W. A full window

needs to be available to the user before it

can be played back.However a user can play

such a window once it is available, without

waiting for subsequentdata. The window size

is a tunable parameter:the smaller thewindow

size, the smaller the startup delay for video

playback. Sincethewindow is aunit of random

access to a video, the window also allows

us to support VCR operations such as jump

forward and jump backward. A viewer only

needsto wait until a single window to which

a jump operation is made is fully available.

Each window is further divided into smaller

datablocksthat arestored onto distinct boxes.

In the sequel we will considertwo modes

of operation. In the �rst mode, when a new

request to play a movie cannotbe served at
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anaggregatespeedthatmatchestheencoding /

playback speed,the request is dropped.In the

second mode, the requestis enqueued,until a

suf�c ient amountof bandwidth to playbackthe

video becomesavailable.

We referto the� rst approachastheblocking

model, andto the second asthewaiting model.

Depending on which model we consider, we

measuresystemperformanceusing either the

requestblocking rateor themeanstartup delay.

I I I . DATA PLACEMENT AND PULL POLICIES

In this section we �rst propose the full-

striping data placement and code-based data

placementschemes. In contrastto full striping,

the latter allows a box to download a video

from a small number of boxes. This is useful

whenthe numberof simultaneous connections

that a box can support is constrained.We then

stateand prove optimality properties of both

schemes, in terms of the demandsthey can

accommodate.We considerboth deterministic

andstochasticmodels of demands.

VCR operationssuchasjump forward,jump

backward, andpausecan be supported by both

schemes though we assumesequential access

when those schemes and their corresponding

demandmodelsare presented.In architectural

perspective, it is a simple modi� cation 2. Since

the only resourceconstraint that our demand

models pose is the downloading rate, it does

not matter whether the window for a video

is requested in order in terms of time (i.e.,

sequential access)or they arerequested out of

order (i.e., controlled randomaccessrequired

by VCR operations).

We don't consider the full striping to be

a practical scheme, since it is not resilient

to box failures. We presentit to obtain the

benchmark performanceboundof the push-to-

peersystem, which is meantto be comparedto

the performanceof the code-basedscheme.

In the remainderof the paper we assume that

there areM boxesand that each window of a

video is of sizeW.

A. Full Striping scheme

A full striping scheme stripes each window

of amovie over all M boxes.Speci�cally, every

window is divided into M blocks, each of size

W=M , and eachblock is pushed to only one

2The following modi�cation shouldbe made: (1) Each box

requires additionalmemoryspaceof sizeequal to thesizeof a

singlemovie. Theadditional memorycaches a full copy of the

video that a box is currently watching. (2) The window that a

jump operationis madeto by the box is downloadedif a copy

of the window hasnot beencached in the additional memory

space. Otherwise, the box continuesto downloadall windows

of the video in order until it has a full copy of the video in

the additional memory.
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box. Consequently, each box storesa distinct

block of a window. A full window is recon-

structed at a particular box by concurrently

downloading M � 1 distinct blocks for the

window from the otherM � 1 boxes. Hencea

singlemoviedownloadrequestgeneratesM � 1

sub-requests, eachtargeted at a particular box.

A box serves admitted sub-requestsaccord-

ing to the ProcessorSharing (PS) policy, for-

warding its blocksof therequestedvideo to re-

questing boxes. PS is an adequatemodelof fair

sharingbetweenconcurrent TCP connections,

when there is no round-trip time bias and the

bottleneckis indeedthe upstream bandwidth.

We further imposea limit on the number

of sub-requests that a box can serve simul-

taneously. Speci�cally, to be able to retrieve

the video at a rate of Renc, one should re-

ceive blocks from each of the M � 1 target

boxes at rate at least Renc=M , where Renc is

the video encoding/playback rate. Hence we

should limit the number of concurrent sub-

requestsbeing served by each box to at most

K max := bBupM =Rencc, where Bup is the

upstream bandwidth of each box. We envi-

sion two approaches for handling new video

download requests that are blocked because

one of the M � 1 required boxes is already

serving K max distinct sub-requests.In the �rst

approach, we simply drop the new request.

In the second approach, each of the M � 1

sub-requestsgeneratedby the new requestis

managed independently at each target box. If

there are fewer than K max concurrent jobs

at the target box, then the sub-requestenters

service directly. Otherwise, it is placed in a

FIFO queuelocal to theserving box, andwaits

till it can startservice.

B. Code-based placement

We describe a modi�cation of full striping,

namely code-based placement, underwhich the

maximum number of simultaneousconnections

that a box can serve is bounded by y, for

some y < M � 1. This schemeapplies rateless

coding [16], [17]. A rateless codesuch as the

LT code[16] can generatean in�nite number

of so-called codedsymbols by combining thek

source symbols of theoriginal content.These k

source symbols can be reconstructedwith high

probability from any setof (1 + � ) � k distinct

codedsymbols. In practice,the overheadpa-

rameter� falls in [0:03; 0:05], depending on the

codethat we use[4], [17].

The code-basedscheme we proposedivides

each window into k source symbols3, and

generatesCk = (M (1 + � )=(y + 1))k coded

3With rateless codes thegreater the valueof k, thegreater is

the probability of reconstructing content with small overhead

[4]. Consequently, the symbol size should be as small as

possible, andthereforein our casesymbolsizeshouldbeequal

to packet size (i.e. MTU).



8

symbols. We call C the expansionratio, where

C > 1. For eachwindow, the Ck symbols are

evenlydistributedto all M boxessuch that each

box keepsCk=M = (1 + � )k=(y + 1) distinct

symbols. A viewer can reconstruct a window

of a movie by concurrently downloading any

Cky=M distinct symbols from an arbitrary set

of y boxesout of (M � 1) boxes.

The code-based schemeis similar to full

striping in the sensethat distinct (coded)sym-

bols are striped to all M boxes. However,

unlike full striping, only y boxes are needed

to downloadthe video.

We now de�ne the pull strategy used for

the code-based scheme. The maximum num-

ber, K 0
max , of sub-requests that can be con-

currently processed on each box to ensure

delay-free playbacknow readsK 0
max = b(y +

1)Bup=Rencc. Under theblocking model,a new

requestis dropped, unlessthere are y boxes

currently handling less than K 0
max sub-requests.

In that case, the new requestcreates y sub-

requeststhat directly enter service at the y

boxes currently handling the smallest number

of jobs. Under the waiting model, each box

hasa queuefrom which it selects sub-requests

to serve. Each new movie download request

generatesM � 1 sub-requests thataresentto all

other boxes. Upon receipt at a receiving box,

each sub-request either enters service directly,

if there are less than K 0
max sub-requests cur-

rently servedby that box.Otherwise it is placed

in a FIFO queue speci�c to the box. Once a

total of y sub-requests have enteredservice, all

otherM � 1� y sub-requests aredeleted.Thus

eachrequest eventually generatesonly y sub-

requests.

C. Deterministic demands

We �rst considera modelwhere thedemand

is speci�ed by the maximum number of con-

currentviewings, N j , of each movie j , that the

systemis expected to faceat any given time.

The quality of a placement strategy is then

evaluatedby determining the demand pro� les

it can handle.Here a demandpro�le is f N j g

suchthat no additional requestcan be served.

The demand pro�les f N j g can be thought of

as describing the maximum demandthat can

be handled at a busy hour, or during a � ash

crowd event.

We �rst consider full striping. One has the

following.

Proposition 1: Under full striping, a

suf�cient condition for a demand pro�le

f N j gj = 1;::: ;J to be sustainedis
JX

j =1

N j Renc =M � Bup : (1)

Under any schemewhich storesa single copy

of each movie, a necessary condition for a

demand pro�le f N j gj =1 ;::: ;J to be sustainedis
JX

j = 1

N j Renc (1 � 1=M ) � M Bup : (2)
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Proof: To see the suf�c iency of (1), we

note that each particular viewing request is

broken into M � 1 sub-requests, mapped to

M � 1 boxes, and each such sub-requestre-

quires a rate of (1=M )Renc in order to allow

delay-free playback. Thus the rate demandon

a particular box is at most
P J

j =1 N j Renc=M . It

can therefore be met underCondition (1).

To establishthe secondpart, let A j ;m denote

theamountof memory dedicatedto movie j on

box m. By assumption,
P M

m=1 A j ;m = Tj Renc.

Let Tj denotethe length of movie j in sec-

onds. Considera random assignment of movie

requeststo boxes, under the constraint that no

two requests come from the same box. Then

for a given box m, the rate at which it must

handle sub-requestsis, on average,given by

JX

j = 1

A j ;m

Tj
N j (1 � 1=M ):

Indeed, each requestto view movie j has

probability (1 � 1=M ) of coming from another

box, in which caseit createsa sub-request to

box m, that must be served at rate A j ;m=Tj

to allow delay-free playback. Summing this

expression over m yields the average total

service ratefor thesystem.This alsocoincides

with the left-hand side of (2), which by as-

sumption is strictly larger than the total uplink

capacity M Bup. Thustheremust exist speci�c

assignmentsof viewing requestsN j to boxes

m thatareinfeasible, for otherwise theaverage

service rate would not exceedthe total uplink

bandwidth.

Note that the conditions (1) and (2) cover

the caseswherethe ratio
P

j N j Renc=(M Bup)

is respectively less than one and greaterthan

M =(M � 1). The intermediate range is of

vanishing lengthwhenM is large.In this sense

we can claim thatfull striping is asymptotically

optimal among policies that store only one

copy of eachmovie.

Let us now turn to code-basedplacement.

Again, we assumethat the amount of storage

dedicatedto eachmovie j is CTj Renc, for some

common factorC > 1. We thenhave

Proposition 2: Under coding, a suf�cient

condition for the demand pro� le f N j gj = 1;::: ;J

to be sustained is

Renc

2

4 C
1 + �

+
JX

j = 1

N j

�
1 �

C
M (1 + � )

�
3

5 � M Bup :

(3)

Under any scheme which stores at most

CTj Renc for movie j , a necessary condition for

demand pro�le f N j gj =1 ;::: ;J to be sustainedis

Renc

JX

j =1

N j (1 � C=M ) � M Bup : (4)

Proof: Eachrequestto view movie j gen-

eratesy sub-requests, wherey is relatedto C

via C = M (1+ � )=(y+ 1). Delay-free playback

is possible if eachsub-request canbeservedat

a rateof Renc=(y + 1). A balancedassignment

of sub-requests to boxes can ensure that each

box deals with at most
2

6
6
6

1
M

JX

j = 1

N j y

3

7
7
7

� 1 +
1

M

JX

j = 1

N j y
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sub-requests. Thusdemandis feasible if

Renc

y + 1

2

41 +
1

M

JX

j = 1

N j y

3

5 � Bup:

Replacingy by its expression (1+ � )M =C � 1

in the above inequality yields Condition (3).

To establish the secondpart, consider a ran-

dom assignmentof viewing requeststo boxes.

Let A j ;m denote again the amount of storage

dedicatedto movie j on box m. Because of the

constraint
P

m A j ;m = CTj Renc, each request

to view movie j hasonaveragea fraction C=M

of the required data stored locally on the box,

and thus requireson averagea service rate of

Renc(1� C=M ). Thus,the left-handsideof (4)

representsthe average service raterequired for

delay-freeplaybackof all requests. When(4) is

not satis�ed, this is larger thanthe total uplink

bandwidth M Bup, and necessarily there exist

speci� c assignments of viewing requeststo

boxes thatcannot besatis�ed, for otherwise the

average servicerate needed would not exceed

the available uplink bandwidth.

D. Stochasticmodels of demand

Let us introduce the following stochastic

model for demand.Requestsfor movie j arrive

according to a Poisson processwith rate � j .

Each request originatesfrom box m with prob-

ability 1=M , for all m 2 f 1; : : : ; M g. This last

assumption can be interpretedas follows. We

assume that no knowledgeis available regard-

ing which user is more likely to requestwhich

movie. We make this assumption for simplicity.

In practiceweexpectto have information about

userpreferences, either communicatedexplic-

itly by usersto the system, or inferred from

pastusagebehaviour.

We note that, although the Poisson arrival

model is standard in queueing theory, it is

not entirely realistic in the present set-up. In

particularonewould notexpectthesamemovie

to be viewed several timesfrom the same box,

or several movies to be viewed simultaneously

from thesame box. However, themodelallows

to gain insight in the design challenges of

placementschemes.This is illustrated further

in the next section where we discusspre�x

cachingstrategies.

1) Optimality of full striping: Denoteby L j

the size of movie j in bytes, and by A j ;m

the amount of memory in bytes dedicatedto

movie j on box m. Then the average size

of a download requestfor movie j is L j �

(1=M )
P M

m=1 A j ;m .

We shall assumethat a single copy of each

movie is stored in the system, which can be

translatedinto theconstraint
P M

m=1 A j ;m = L j .

It is natural to ask whetherunder such con-

straints, there exists a placementstrategy that

is optimal with respectto the demand rates� j

that it canaccommodate.The following shows
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that full striping is suchan optimal placement

strategy:

Proposition 3: Assume that a single copy

of each movie is stored in the whole system.

Then under full striping data placement, and

for thewaiting model, thesystemis stable(i.e.,

download times do not increase unboundedly)

whenever
JX

j =1

� j L j (1 � 1=M ) < M � Bup : (5)

Moreover, for any other placementstrategy

speci� edby theA j ;m , thesetof rates� j accom-

modated without rejection is strictly smaller

than that underfull striping.

Proof: Note that for any placement policy

in which moviesarestoredonly once,thework

arrival rateat a given box m is given by

� (m) := (1 � 1=M )
JX

j =1

� j A j ;m : (6)

Under full striping, one has A j ;m = L j =M .

Thus condition (5) is equivalent to the condi-

tion that thework arrival rate� (m) is less than

the service rate Bup of box m. This condition

doesnot dependon m, and is thus necessary

andsuf� cient for stabilit y of thewholesystem.

Considernow a differentplacementstrategy,

for which there exists a pair (j � ; m� ) such

that A j � ;m � > L j � =M . For any demand rates

� j , j = 1; : : : ; J , assumethat there exists

a pull strategy that can stabilize the system

under such demand. Then necessarily, for all

m 2 f 1; : : : ; M g, one has � (m) < Bup.

Summing these inequalities one obtains (5),

hencesuchdemandcan also be handledunder

full striping.

Consider now a particular demandvector

where � j = 0 for all j 6= j � , and

� j � (1 � 1=M )L j � = M Bup � �;

for some small � > 0. Clearly this veri�e s

(5). However, the load placed on box m� is

precisely

� (m� ) = (1 � 1=M )� j � A j � ;m � :

By our choiceof (j � ; m� ), we thushave that

� (m� ) > (1 � 1=M )� j � L j � =M :

Thus for small enough � , one must have

� (m� ) > Bup. Therefore, thisbox is in overload

andthesystemcannotcopewith suchdemands,

while full striping can.

As shown in [23], this result can be further

extended to non Poisson arrivals,andstrength-

enedby showing that at any given time, the

averagework to be done at a particular box is

minimal underfull striping.

2) Near-optimality of the code-based

scheme: We assume additional storageis used

per movie as described before. Speci�cally ,

we assume that a total storage capacity

of C � L j is devoted to movie j , where

C = M � (1 + � )=(y + 1) is the expansion

ratio introduced in the previous section. The

solution basedon encoding assumesthat for

movie j , a total quantity of A j ;m � C � L j =M

datais stored on each individual box m. This
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data consistsof symbols, such that for any

collection of y + 1 = M =C boxes, eachmovie

canbe reconstructed from the joint collections

of symbols from all these y + 1 boxes. We

thenhave the following proposition:

Proposition 4: By using the pull strategy

described in Section III-B, the systemis stable

whenever the Poissonarrival rates� j verify
JX

j = 1

� j L j [1 � C=((1 + � )M )] < M � Bup: (7)

Moreover, any scheme thatusesC � L j storage

for movie j cannotcope with demandrates� j ,

unless the following condition
JX

j = 1

� j L j [1 � C=M ] < M � Bup (8)

holds.

Theproof reliesonstandardLyapunov function

techniques, using as a Lyapunov function the

un�nished work in the system. It is omitted in

thepresent documentfor brevity. We only note

that the averageamount of data that needs to

be downloaded for a requestfor movie j is

L j (1� C=M ) whentheoverall storage devoted

to movie j is CL j , and hencethe left-hand

side of (8) is indeed the rate at which work

entersthe system,while the right-handside is

an upperboundon the servicecapacityof the

system.Thus with the assumedtotal storage

permovie, Condition (8) is indeednecessary to

ensuretheexistenceof apull strategy for which

the system is stable.The code-based scheme

is indeednearly optimal, since Conditions (8)

and(7) coincidewhenthe overhead parameter

� tends to zero.

IV. PERFORMANCE ANALYSIS

A. Blocking model

We now proposesimple models to predict

the blocking probabilit y of the system when

requests are dropped (blocking model) when

resourcesarenot available.

We �rst consider full striping. In the actual

system, the number of requestsin progress

varies from box to box, becausea request-

ing box does not place a requeston itself.

Also, the overall servicespeedvaries between

(M � 1)Bup andM Bup depending on the sys-

tem state:whena single video downloadtakes

place, it proceedsat speed(M � 1)Bup, while

an overall service rate of M Bup is achieved

whensub-requestsare served on all boxes.

However we consider simpli�ed dynamics,

where the number of sub-requestsis the same

on each box, and the total servicecapacity is

also constant. Speci� cally, we consider a total

servicecapacity of B total = M Bup andassume

this is sharedevenly among active downloads.

The total amount of data that needs to be

downloaded for the playback of movie j is

then taken to be L j (1 � 1=M ). We assume

movie j download requestsarrive according to

a Poissonprocess with rate � j , anda maximum

number of concurrent downloads of K max =

bB total =[Renc(1� 1=M )]c. Thesesimpli� eddy-

namics correspondto theclassical M/G/1/K/PS
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model, the blocking probability of which is

given by (seee.g. [14])

P I
b :=

(1 � � )� K ma x

[(1 � � K ma x + 1)]
(9)

where

� =

P J
j = 1 � j L j (1 � 1=M )

B t otal
� (10)

To model the performance under coding

we make similar simplify ing assumptions. We

again assume that each box handles the same

number of sub-requests,so that the system

stateis captured by the total number of movie

download requests.However we account for

the fact that each movie requestis served by

a maximum of y boxes, by taking the total

service rate,when there aren movie requests,

asthe minimum of B tota l and n ~B where ~B :=

yBup.

Under such simplifying assumptions, the

system state evolves as a birth and death

process on f 0; : : : ; K max g, where K max =

bB total =[Rency=(y + 1)]c. The birth rateequals

� =
P

j � j in all statesexcept K max , and the

deathrate in state n is 4

min(n � ~B ; B tot al )
�

where� is the average job size,

� = (1 + � )
X

j

(� j =� )L j (y=(y + 1))�

4We would indeedhave a Markovian birth anddeathprocess

if job sizeswere exponentially distributed,and with mean � .

Insensitivity results on ProcessorSharingsystems,see e.g. [13]

guarantee that the rejection probability is insensitive to the

actual servicetime distribution and justify formula(11) for the

case of mixturesof deterministic servicetime distributions.

For thissystemtheblocking probability, which

coincides with the steady stateprobabilit y of

being in stateK max , is

P I I
b :=

� k
1=k! � K max � k

0
P k � 1

i =0
� i

1
i ! + � k

1
k !

1� � K ma x � k +1
0
1� � 0

(11)

wherewe have introduced the notations

� 0 := � �
B total

; � 1 := � 0
B total

~B
;

k := bB total
~B

c:

The derivation is a simple exercise, and is

omitted for brevity.

We plot the rejection rate for the proposed

data placementschemesin Figure 1. In the

simulation, we assume that the arrival of user

requests is a Poisson process and that the

probability that the request originates from

a speci� c box is 1=M . Note that the code-

basedschemepushes 4 copies of the video

to 128 boxes collectively. On the other hand,

the full striping scheme pushesonly 1 copy of

the video. The x-axis indicatesthe normalized

arrival rate of userrequestsandthe y-axis indi-

catesthe rejection probability of user requests.

The rejection ratesdo not differ much be-

tween the two schemes.Perhaps surprisingly,

the full striping scheme consistently outper-

formsthe code-basedscheme, even though the

last schemebene�ts from larger amounts of

datastoredon each box. This is explained by

the fact that there is 5% coding overhead for

the code-based schemeand the full striping

schemeallows viewers to take advantage of
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thebandwidth from all 128 boxesregardlessof

the number of served viewers, while the code-

based scheme constrains the numberof boxes

that are concurrently used to 31.

0.8 0.85 0.9 0.95 1 1.05 1.1 1.15
0

0.02

0.04

0.06

0.08

0.1

0.12

Normalized arrival rate

R
ej

ec
tio

n 
pr

ob
ab

ili
ty

 

 

analysis:full striping
sim:full striping (95% confidence interval)
analysis:coding scheme
sim:coding scheme (95% confidence interval)

Fig. 1. Rejection probabilitywith M = 128, Video encoding

rate Ren c = 2M bps, Upstream bandwidth B up = 1M bps,

Size of Video L = 2Gbytes, Coding overhead � = 0:05,

and Maximum number of simultaneous incoming connection

y = 31.

B. Full striping: waiting model

In this section we consider the performance

of the system under full striping and when

requestsareallowed to queueup for resources.

As for blocking, we make simplifying assump-

tions to de�ne a tractable performance model.

Speci� cally, we again assumethat all boxes

handle the same numbers of sub-requests.

Thus, an incoming movie request is accepted

on all boxes, in which case it getsa fair share

of theoverall systemupstreambandwidth, pro-

vided there are fewer than K max jobs in the

system.Otherwise, the job is put in a single

FIFO queue. Again K max is determined to

ensurethat effective download rate is at least

playback rateRenc.

We call this system the FIFO+PS service

system.While its performance is well under-

stood under the assumptions of Poissonjob

arrivals and exponential service times, to our

knowledgeits performancehasnot been anal-

ysed previously when the assumption of ex-

ponential service times is relaxed. One of our

contributionsis to provide such an analysis, in

a heavy traf� c regime.

Notations are asfollows. Service capacity is

normalised to 1. Jobs arrive at instants of a

Poissonprocesswith intensity � ` . Jobsarei.i.d.

with some � xed distribution; we denoteby �

a typical job service time. K max still denotes

the maximum number of jobs that can be

served concurrently. The index ` is introduced

to set the stage for the heavy traf�c analysis.

Denoting by � ` := � `E(� ) the traf� c intensity,

we shall assumethat,as` tendsto in�nit y, the

load approaches1 from below:

� ` < 1; ` � 1; lim
` ! 1

� ` = 1:

We shall further assume some scaling be-

haviour for parameterK max , namely the ex-

istenceof a positive number m suchthat:

lim
` !1

(1 � � ` )K m ax = m:
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We then have the following result, the proof

of which can be found in [23]:

Theorem 1: Assume that the service time

distribution is a � nite mixture of Exponential

distributions. Denoteby Z ` thenumberof jobs

in steadystate in the `-th system.Onethenhas

the following convergence,for all t > 0:

lim
` !1

P
�

Z ` >
t

1 � � `

�
=

8
>>><

>>>:

e� m � 2( t � m ) � 2 =� 2

if t > m;

e� t if t � m:

(12)

Furthermore,denoting by W ` thewaiting time

of a job in steady statein the `-th system,one

hasthe following convergence,for all t � 0:

lim
` ! 1

P
�
(1 � � ` )W ` > t

�
= e� m � 2t � =� 2

: (13)

In particular the probability of not waiting

satis� es

lim
` !1

P(W ` = 0) = 1 � e� m : (14)

Remark1: Although we have established

the theoremonly for the caseof service times

that are mixtures of exponential distributions,

we expect it to hold more generally, and in

particular to apply to the presentsetupwhere

service time distributions are concentrated on

a � nite set of values.

We now indicate how to use this result. For

given systemparameters,we approximate the

distribution of the waiting time of an arbitrary

job as follows:

P(W ` > t) � e� (1 � � ` )[ K ma x + 2t � =� 2 ]: (15)

We plot the waiting time distribution for
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Fig. 2. Waiting time distribution for full striping with

M = 128, Video encoding rate Renc = 2M bps, Upstream

bandwidth B u p = 1M bps, Sizeof Video L = 2Gbytes and a

normalized load of � = 0:98

full striping, obtainedby simulation, and the

correspondinganalytical prediction from Equa-

tion(15) in Figure2. While theshapesaresimi-

lar, thematch is notperfect. Weobservedbetter

matches when instead of deterministic service

times, we used exponential service times in

simulations. We suspect that the heavy traf� c

approximation becomesaccurate only at very

high loadswhen service time distributions are

not exponential.

C. Application: sizingpre�xes

Wenow show how to usethepreviousresults

to furtheroptimizecontentplacementassuming

extra storage is available. We again assume

thereareJ movies,all encodedataconstantbit

rate Renc, anddenote by L j the sizeof movie
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j .

For movie j , we assume that a pre�x of

size Pj is stored locally on each box. This

ensuresthat eachuser can play back the �rst

t j := Pj =Renc secondsof movie j without

downloadingextra content.We further assume

thatencodedsymbols arecreatedandplacedon

each box sothatfor eachmovie j , its remainder

canbe reconstructedfrom the symbols present

at any y + 1 boxes.

Let D denote the memory space available

on each box. The above described placement

strategy wil l befeasible providedthefollowing

constraint is satis� ed:
JX

j =1

Pj + (L j � Pj )=(y + 1) � D : (16)

Denoteby � j the rate of requestsfor movie

j . The amount of movie j that needsto be

downloadedfor the playbackis then

� j =
y

y + 1
(L j � Pj ): (17)

Indeed,thepre� x of sizePj is storedlocally, as

well asa fraction 1=(y+ 1) of theremainderof

the movie. The normalised load on the system

is thus:

� =

P J
j = 1 � j � j

B t otal
: (18)

1) Blocking probabilities: We �rst con-

sider performanceunder blocking. The maxi-

mum number of concurrent jobs is K max =

bB total =[Rency=(y + 1)]c. The blocking prob-

ability is given by (9) in the particular case

where y + 1 = M , that is to say under full

striping. This probability is thenminimized by

making the loadas small aspossible.

Using linear programming, one can easily

seethat,to minimize theload� asgiven by (18)

and (17) under memory constraints (16) one

should aim to cachelocally the most popular

movies in full.

2) Waiting times: We now assumethat re-

quests are queuedand scheduledaccording to

FIFO rather thandroppedwhenthe number of

concurrent requests in service equalsK max .

The evaluations (15) give us an approxima-

tion of the distribution of thedelayW between

request initiation anddownloadbeginning. The

actualdelay can be reduced because playback

canstart t j secondsbefore downloadstarts.

This yields the following expression for the

averagedelay �D j experienced by requests for

movie j :

�D j = E [max(0; W � t j )]

=
R1

t j
(x � t j ) 2� (1� � )

� 2
e� (1 � � )[ K m ax +2 x � =� 2 ]dx:

We thusobtain the formula

�D j =
� 2

2� (1 � � )
e� (1 � � )[ K max +2 t j � =� 2 ]: (19)

We use a simple example to ill ustrate

how a � xed amount of memory in a box can

be optimally allocatedto preload pre� xes of

moviesdepending on their relative popularities.

Figures 3 and4 show plots of the meanwaiting

timesD j obtainedfrom Formula (19). In each

case, there are two movies, and there is a
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Fig. 3. waiting time against pre�xes balanced popularity

(� 1 = � 2 = 0:99, Renc = B t otal = 1, L 1 = L 2 = 1,

P1 + P2 = 1, y � 1)
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Fig. 4. waiting time against pre�x esdistinctpopularity (� 1 =

0:99� 4=3, � 2 = 0:99� 2=3, Renc = B total = 1, L 1 = L 2 = 1,

P1 + P2 = 1, y � 1)

�x ed amount of memory that can be usedfor

pre�x esof either or both movies. In Figure 3,

the popularities of both movies are same.In

this case, the �gur e indicates that both movies

should get pre�xes of equal sizes. Note that

for equalpopularities,varying pre�xesdoesnot

changethe normalized load � . Also, it does

not affect the averageservice time �� . It would

appearthenthat onemovie would bene�t from

having a larger pre�x. This is however not

the case,because unbalanced pre� xes lead to

a large variance in the service times and thus

a large secondmoment � 2.

In Figure 4, movie 1 is twice as popular

as movie 2. The � gure indicates that it is

bene�cial to both movies to allocatethe pre�x

memory to movie 1. By storing large pre� xes

for movie 1, we reducethe system load� , and

this is the leading effect.

V. RANDOMIZED JOB PLACEMENT

In the previous sections we considered the

case whereall boxesare centrally coordinated.

With such an assumption the job placement

strategies, i.e. the decision whereto placeand

serve the sub-requestsof a job, are optimal.

However, in practice a centralized systemdoes

not scale in the number of boxes. In this

section we therefore propose a distributedload

balancing strategy for the selection of serving

peers.Althoughwe only considerthe casethat

upstream bandwidth is not variablehere for the

interestof space,we alsoconsider thecasethat

upstream bandwidth is dynamically changing

in our technicalreport [23]. More speci�cally ,

we proposeresourceoverbooking scheme to
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hedge against upstream bandwidth diversity

and dynamic job migration schemeto address

upstream bandwidth � uctuations. Details can

be found in [23].

The strategy we consider for initial job

placementis as follows. When a download

requestis generated,d distinct boxes are ran-

domly chosen from the overall collection of

M boxes.The load, measured in terms of fair

bandwidth share that a new job would get, is

measuredon all probed boxes. Finally, sub-

requestsare placedon they leastloadedboxes

among the d probedboxes, provided that each

of the y sub-requests gets a suf� ciently large

fair bandwidth share, i.e. larger than or equal

to (y=(y+ 1))Renc with ourpreviousnotation.If

any of the least loadedboxescannotguarantee

sucha fair share,then the request is dropped.

We assume as before that each box has a

�x edoverall upstreambandwidth of Bup. Thus

the maximum numberof sub-requestson each

box is K max = bBup=[y=(y + 1)Renc]c.

Many results are available on the perfor-

manceof related randomized load balancing

schemes. If we assumerequests arrive accord-

ing to a Poissonprocesswith rate � � M =y,

no rejection (K max = 1 ), y = 1 (requests

generatea single sub-job), andexponential job

size distribution, we have exactly the model

analyzedby Vvedenskayaet al. [26] (see also

Eager et al. [8] andMitzenmacheret al. [19]).

For this system they show that, in the large M

limit, in steadystatethe fraction � i of all M

boxes that contain at leasti jobs is given by

� i = �
d i � 1
d � 1 ;

where� is the normalizedload on each box.

The systemwe consider differs by the fact

that thereare several sub-jobs,andby the pos-

sibility of job rejection. It is however amenable

to a similar analysis. We now determine �x ed

point equationsthatcharacterize the fractionof

boxes holding a given number of sub-jobs in

equilibrium. We do not claim the derivation is

rigorous,but insteadvalidate it by simulations.

Theheuristic derivation proceeds asfollows.

Fix i 2 f 0; : : : ; K maxg. For a new request,

denote by X <i (respectively X i , X >i & <K m ax

and X K m ax ) the number of sampled boxes

with less than i jobs (respectively i , more

than i and less than K max , and K max ). The

vectorof these four quantities follows a multi-

nomial distribution with parameters d and

(p<i ; pi ; p>i & <K m ax ; pK m ax ), where

p<i :=
X

j <i

pj ; p>i & <K max :=
X

i<j <K m ax

pj :

Denote by Fi (u; v; w; z) the probability that

this multinomial distribution puts a job on

the vector (u; v; w; z). Its dependenceon the

parameters pj is not madeexplicit to simplify

notation.Denote by Gi theexpectednumberof

boxeswhich previously hadi jobs andreceive

a new one from such a new request.This can

be written as

Gi =
X

u;v ;w ;z

Fi (u; v; w; z) min(v; max(0; y� u)) 1z� d� y :
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Indeed the factor 1z<d � y retains only

terms in the summation where all sub-jobs

can get enough bandwidth, and the term

min(v; max(0; y � u)) counts the number of

least loaded boxes that currently have i jobs.

We obtain the following heuristic differential

equation using the notations:

d
dt

M pi = M (�=y )(Gi � 1 � Gi ) � �M (pi � pi +1 ):

The rationale is that new boxes with i jobs

appear at rate M �=y Gi � 1 becauseof extra

jobs beingplacedon boxespreviously holding

i � 1 jobs, andalsoat rate�M pi +1 becauseof

departuresfrom boxespreviously holding i + 1

jobs. The rationale for the departure rates is

similar.

The � xed point equation for pi is then

obtained by setting the left-hand side of the

previous equation to zero. Introduce now the

notation

� i :=
�
y

Gi

pi
�

The �x edpoint equationsmay thenbe written

as

pi + 1� = � i pi ; i = 0; : : : ; K max � 1:

Since
P K m ax

i =0 pi = 1, we obtain in turn

p0 = 1
1+

P K max
i =1 [(

Q i � 1
j =0 � j )=� i ]

(20)

pn =
Q n � 1

j =0 � j

� n � 1 p0; n = 0; : : : ; K max : (21)

Note that the parameters� i in the right-hand

sidesof these expressionsdependon the pi 's

themselves.The� xedpoint equations(20),and

(21) cannot be solved explicitl y. However we

obtain a numerical approximation by applying

iteratively the function speci�ed by (20), and

(21) on an initial guessfor the pi 's. We ob-

served fast numerical convergenceof the itera-

tions in our experiments.Once the parameters

pj are determined, the rejection probability is

determinedaccording to the formula

pr ej ect =
dX

i = d� y+ 1

�
d
i

�
pi

K m ax
(1 � pK max )d� i :

Figure 5 shows the numerical solutions and
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Fig. 5. Numerical solutionsandsimulationresults for rejection

probability using the proposedload balancing scheme

simulation resultsweobtainfor distinctchoices

of parameters(y; d) for varying normalized

load � = �= � , and setting K max to 3. Here,the

simulation results is obtained using M = 50

boxes. The numerical solutions matchreason-

ablywell thesimulation results.Webelieve that

the �x ed point equationswe just described are

accuratein the large M limit.

More importantly, we observe that even at

normalised loadscloseto 100%, the rejection
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probabilities remain small: below 15% when

only two additional boxes are probed and

down to 10% when three additional boxes are

probed.

VI . RELATED WORK

Peer-to-peernetworks for streaming videoon

the Internet have generateda lot of interest

recently [6], [28], [20], [25]. However, most

of the efforts have focused on ef�c ient tree

andmeshconstruction, assuming the upstream

bandwidthsof peersare larger thanvideoplay-

back rate. Under this assumption p2p systems

can scale to support arbitrarily large numbers

of clients.In contrast, we cancopewith uplink

bandwidthssmaller thanvideoplayback rate,a

condition that holds in most access networks,

particularly DSL. More recently, Danaet al. [7]

and Tewari et al. [24] proposed BitTorrent-

based live streaming service under the same

assumption of limited upstreambandwidth. In

both proposals, the upstream bandwidth limi-

tation is overcome by the assistanceof server-

based streamdelivery in their proposed sys-

tems.However, the Push-to-Peer systemdoes

not rely on content servers except in the push

phase.

Load balancing strategies have also been

investigated in the context of job scheduling

in distributed systemsand more generalbins

andballs problems [8], [18], [19]. To the best

of our knowledge,all of theproposed loadbal-

ancingschemes are targetedto balanceloads of

independentjobs.On the contrary, we address

the problemof balancing the load imposedby

sub-requestsfrom a job, that should be co-

scheduledideally. More recently, load balanc-

ing in thecaseof bulk arrivalsof jobshasbeen

investigated by Adler et al. [1], however, the

balancing decisionis made per job ratherthan

per set of jobsarriving together. Our proposed

schemecollectively balances all sub-requests

for a job.

Another related area of work is the data

placementandpull scheme for video streaming

services.Several methods have been proposed

in the literature [15], [3], [21], [22]. Partic-

ularly, random duplicated assignmentstrategy

of data blocks and mirroring are proposed for

VoD servers by Korst [15] and Bolosky et

al. [3] respectively to addressthe problem of

disk failure. However, we use a code-based

placementthat addresses the problem of box

failures. The pre� x prefetching schemes for

p2p video streaming [21], [22] require up-

streambandwidth of a peer to be larger than

videoplayback rate, an assumption we do not

make.

Ratelesscodingschemeshavebeenproposed

by [4], [17], [16]. While these works dis-

cusshow to use the codes to download � les

using multicast/broadcasttransmissions [4] or



21

usingpeer-to-peer networks[17], noneof these

works address the usageof coding for video

streaming or video-on-demand. Other work

proposedtheuseof network coding to acceler-

ate � le download in peer-to-peer networks [9]

or to ameliorate VoD for p2p [2]. Becauseof

the push-phase,our approachdoesnot require

that peers serve contentthat they downloaded

previouslyfrom otherpeers.Therefore network

coding is not neededin our context.

Our work is different from a streaming ser-

vice provided by multiple servers in the fol-

lowing aspects.First, unlike multiple stream-

ing servers, the boxes are also clients in

our case. The implication is that by placing

more data, the bandwidth requirementsbecome

lower, which is not thecasein the multi-server

streaming. Secondly, in caseof a multi-server

streaming service, a client is redirected to a set

of streaming servers, which are undercomplete

control of the provider and well-connected

throughhigh-speed networks. However, in our

work, theclient choosesasetof bestpeernodes

in distributed fashion, i.e., using the proposed

randomizedpeerselection algorithm.

VII . CONCLUSION AND FUTURE WORK

We proposed Push-to-Peer, a novel peer-to-

peer approach to cooperatively stream video

using push and on-demandpull of video con-

tents.We showed the theoretical upperperfor-

mance boundsthatare achievedif all resources

of all peersare perfectly pooled, and present

the placement (namely full-striping and code-

basedscheme)and pull policies that achieve

thosebounds. However, perfect pooling is only

possiblewith global knowledgeof system state,

which in practice is not feasible. Therefore,we

proposedandanalyseda randomizedjob place-

ment algorithm. We are currently developing a

prototype system.

We plan to do a more systematic analysis

of placementschemesthat take into account

movie popularity. Thenon-uniform size of pre-

�x espreloadedfor differentmovies makes the

useof processor sharing scheduling lesseffec-

tive, becausethe deadline for downloading a

window is determinedby thesize of preloaded

pre�x. To address this issue,we plan to adopt

EarliestDeadline First (EDF) scheduling poli-

ciesdevelopedfor multiprocessors.
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