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Abstact—We proposePush-to-Peer, a peer-to-peer
sysem to cooperatively stream video. The main
departur e from previous work is that content is
proactively pushed to peers, and persistently stored
before the actual peer-to-peer transfers. The initial
content placement increasescontent avail ability and
improvesthe use of pea uplink bandwidth.

Our sped c contrib utions are: (i) content place-
ment and assocated pull policies that allow the
optimal use of uplink bandwidth; (ii) performance

analysis of such palicies in controlled environments
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such as DSL networks under ISP control; (iii) a
distributed load balancing strategy for selection of

sewing peers.

Index Terms—Pee-to-Peg networks, Video on
Demand sevice, push sewvice, rateless coding, ran-

domized pea sdection

I. INTRODUCTION

Over the past ve years, there has been
considegble researchn the useof peerto-peer
networks for distributing both live [6], [28],
[21], [20] and stored[7], [2] video. In such
systems peerinterestplays the cental role in
conent transmisson and starage- a peerpulls
conent only if the cortentis of interest.Once
pulled conent hasbeenstored locally, the peer
may then in turn distibute this cortent to yet
other selfinterestedpeers.Such a pull-based
systemdesignis naturalwhen individual peers
are autoromous and self-interested However,

whenindividud pees areunder common con-



trol, for example in the caseof residenial home
gatewaysor settop boxesunder the cortrol of
a network or conent provider, a wider range
of systemdesigns becomes possible.

The useof home gatevays or set-t@ boxes
under the cortrol of a network or conent
provider is mativated by the fact that the they
meetmuch strongerreliability requirements in
terms of systemand bandwdth availability. In
fact, mary ISPs and content providers have
alreadydeployed or have plansto deplgy such
equipment (though they do nat have peerto-
peerfunctiordlity) in subscrbers' premisesto
offer billable contentservices.

Our objective is to designa reliable VOD
architecture tha relies on peerto-peer transfer
as a primary meansto provide high-quality
streamng. To the bestof our knowledge, most
pull-basedvideo streaning services either pro-
vide only low-quality video (i.e., less than
500Kbps) or use hybrid appoache in which
therole of P2Pstreamig is limited to reducirg
thetrafc loadposeal on their streaming infras
tructure(e.g, ZATTOO [27] andJOOST[12]).
Though PALIVE [20] has beensuccesful in
providing video streaming without much in-
frastructure suppat, it has beenrepored that
it relies heavily on hostsin university net-
works [10].

In this paper, we investicatethe designspace
of a Pushto-Pea Video-on-Demand (VoD)

system.In sucha sydem, videois rst pushed
(e.g., from a content creata) to a population

of peers.This rst step is perfamed under
provider or contentowner contra, and can be
performed during times of low network uti-

lization (e.g., ealy moming). Note that as a
result of this push phase, a peer may store
conent that it itself hasno interestin, unlike

traditional pull-only peer-to-peersystemskol-

lowing the push phase,peersseekirg spec¢ ¢

conent then pull cortentof interestfrom other
peers,asin a traditonal pee-to-peersydem.

The Push-tePeer approachis well-suited to

coopestive distribution of stored videoamag

set-bp boxesin a DSL network, wherethe sd-

top boxes themseles operateunder provider
contol. We believe, however, thatthe Push-te

Pee apprach is more generallyapplicabé to

cagsin which peersarelongdived andwilli ng
to have content proactively pushedo thembe-
fore video distribution among the cooperaing
peersbagins.

In this paper, we corsider the designand
analysisof a Pug-to-Peer systemin a net-
work of long-lived peerswhereupstream band-
width andpeerstorage arethe primary limiting
resourcces. We considera controlled environ-
ment, with a s of always-on peers, constant
available bandwidth among the peers,andthe
possibility of centralzed contrd, assumpbns

appopriate in the specic seting of a VoD



systemconsistng of sd-top boxeswithin a sin-
gle DSLAM [11]in a DSL network. DSLAMs
of providers suchas FranceTelemm typically
connectaround 800DSL uses. With this num-
ber of users,if 50 GigaBytes of storageis
available on ead DSL gateway, it is possble
to store up to 5600 DVD-quality movies un-
der a single DSLAM. This nunber of movies
would be scaleddown by a suitabk factor for
the replicatedplacanent schemeave adwocate
later.

We begin by descriling an idealized pol-
icy for pladng video data at the peers dur-
ing the push phase- full striping - and its
consequenpull policy for downloading video.
We also considerthe pradical cas in which
the nunber of pees from which a peer can
download is bounded,and propose a code
basel schene to hande this consteint. We
demamdrate that these two placementpolicies
are optimal among policies that make use of
the same amoun of starageper movie, in that
they maximze the demandhat the system can
sustain.

We analyzethe performanceof thes policies
(in temms of blocking undera no-wait blocking
model, and delay under a model in which
blocked requestsare queueduntil they can
be sened) Our perfamance models can be
usednot only to quanitatively analyzesystem

performance but also to dimension systems

so that a given level of user performanceis
realized - an important consideratia if Pus-
to-Peer is providedasa billable service by the
network provider. We alsoconsiderthe caseof
prex cading at the peers.

The remaindr of this paperis strucured
as follows. In Sedion I, we descibe the
contolled DSLAM sdting, and the push and
pul phasesn more detail. We alsosunmarize
sone of the importantdifferenceshetween the
Push-tePeer and traditional peerto-peer ap-
proadies for VoD. In Sedion 1ll, we descibe
two pdlicies for placdng video dat at the peers
during the push phase.ln Sectin IV we ana-
lyze the performanceof the previous schenes
unde both a blocked-calk-lost and blocked-
calls-queued model. We apply those analytical
results to address pre x sizing prodem. In
Sedion V we proposea distributed job place-
ment algoiithm and investicateits perfamance.
Sedion VI discussesrelatedwork. Sedion VI

conclules this paper.

[1. NETWORK SETTING AND PUSH-TO-PEER

OPERATION

In this section, we de<ribe the network
settirg for the Push-b-Pee archiecture and
overview the pushandpul phase®f operaton.
We also descibe our video playback model,
in termsof user requirrmentsand performance

metrics.



We will de<ribe the Push-toPeer archiec
ture in the conext of a number of always
on setiop boxes (STBs) or Resdential Home
Gatavays (RHGs)that collectively sit bdow a
DSLAM in a DSL network and cooperatrely
distribute video amongstthenselves.

The Push-b-Pee systemcompgisesa con-
tent saver, a cortrol saver, and boxes at the
user premses. The conent sener, locaed in
the conent provider's premises pushesonent
to the boxes during the push phas, as de
saibed belov. A contmol server is alsolocated
in the content provider's premee; it provides
a directoly sevice to boxes in addtion to
managerant and contol functionalities. The
always-on STBs or RHGs reside at the cus
tomer premises Although there are important
technobgical and conmercial differences be-
tweenSTBsand RHGs,we will refer to these
devices genercdly as boxesin the remairder
of this paper sincethe crucial capabiities - the
ability to download, upload, and stare video
under provider contol - are common to both
STBs and RHGs.

Contentdistribution proceals in two phass
in our Pud-to-Peer system.

Push Phase.During the push phas, the
contentserver pushescontentto each of
the boxes.We envision this occuring peri-
odically, whenbandwdth is plentiful (e.g.,
in theealy AM hours),or in badkgrourd,

low priority mode. After pushing cortent
to the peeas, the contentsever then dis-
connectgi.e, doesnot provide additional
contenj, until the next push phase.A

crucial issue for the push phase is that
of dataplacementwhat portionsof which
videos shouldbe placed on which boxes;
we addresghis probdem in Section3.

Pull Phase.In the pull pha®, boxes re-
spondto usercommandsto play conent.

Since a box typically does not have all

of the nealed contentat the end of the
pushphaseit will needto retrieve missng
contentfrom its peersWhile it is possible
for the boxesto proactvely push content
amory thenselves (notin resporse to user
commands)we do not corsider that pos-
sibility here. We assime that a user wil |

watchonly one video at a time.

We make the following assaimptions abaut
the DSL network, and the boxes at the user

premises

Upstream and downstream bandwidth.
We assaime that the upgream bandwidh
from eat box to the DSLAM is a con

straired resouce mostlikely smalker than



the video encodng/playback rate 1. We
asune that when a peer uploads video
to N different pees, the upsteam band-
width is equally sharecamagthosepeers.
We also assime that video is transfered
reliably, either usng FEC or ARQ. We
asune that the downstream bandwidh

is sufciently large that it is never the
botieneck when a peer downloadsvideo
from other (possibly many other) peers
(instead, the upstrean bandwdths at those
other peers are collectvely the limiting

resource).We thus also assune that the
downstream bandwdth is larger than the
video encodng/playbak rate.

Pea storage.We assumeéhat boxeshave
harddisks that can store contentthat is

pushedto the box during the push phase.
This content can then be uploaded to

other peersupo request, during the pull

phase The disk may also store movie

1For example, AT&T lightspeednetwork and Verizon FiOS
allocate up to 1IMbps and 2Mbps uploal bandwidth to ead
homeregectively. The video encodirg ratefor high-denition
(HD) video uses6 Mbps bandwidth andthe rate for standard-
de nition (SD) uses 2Mbps bandwdth [5]. Clearly, the ag-
gregate upstreambandwdth of pees may be smaller than
the aggregate downloading bandwidth needel to suppat high-
qudity p2p video streaming service More importantly the
maxmum upsteam bardwidth could be reliably achieved only
when thetraf cis sert locally amongthe nodes connectel by

a sameswitch such asDSLAM [5].

pre x es, that are usedlocally at the box
to decreae starup delay, as discusedin
Section 4. We note thatwhen a box needs
to pull video from otherboxesfor playout,
this video must also be stored in a local
playaut buffer, but we do not consder
the (relatively small) requirementsof this
playaut buffer here.

Peer homogeneity. We assumethat all
peershave the sameupsteam link band-
width and the same amaunt of hard disk
storage.

Each movie is choped into windows of
coniguows data of size W. A full window
needsto be available to the user befor it
can be played back. However a use can play
such a window once it is available, without
waiting for subsequentlata. The window size
is a tunabk parameterthe smaller the windov
size, the smaller the startup delay for video
playbadk. Sincethewindow is aunit of random
acces to a video, the window also allows
us to support VCR operatioms such as jump
forward and jump backward. A viewer only
needsto wait until a single window to which
a jump operationis madeis fully available.
Ead window is further divided into smeller
datablocksthat are stored onto distinct boxes.

In the sequel we will considertwo modes
of operaton. In the rst mode, when a new

reguest to play a movie cannotbe sened at



an aggregate speed that machesthe encodng /
playbeck speedthe reques is dropped.In the
second modk, the requestis enqueued,untl a
sufc ient amountof bandwidh to play backthe

video becomes available.

We referto the rst appoachastheblocking
mode| andto the secord asthe waiting model
Dependig on which model we consider, we
measuresystemperformanceusing either the

requesblocking rateor the meanstartyp delay

[11. DATA PLACEMENT AND PULL POLICIES

In this section we rst propose the full-
striping data placenent and codebasd data
placementchenes. In cortrastto full striping,
the latter allows a box to download a video
from a small number of boxes. This is useful
whenthe number of simultaneous conrections
thata box can support is constrainedWe then
state and prove optimality propeties of both
schemes in terms of the demandsthey can
acommadate. We considerboth deerministic

and stochastionodds of demands.

VCR operatims suchasjump forward, jump
backward, and pausecan be supporied by both
schemes though we assumesequenial acces
when those schemes and their coregponding

demandmodelsare presentedin architectual

perspectie, it is a simple modi cation 2. Since
the only resourceconstaint that our demand
models pose is the downloading rate, it does
not mater whetherthe window for a video
is requested in order in terms of time (i.e.,
sequentl access)or they arerequesed out of
order (i.e., controlled randomacaessrequred
by VCR operatiors).

We don't condder the full striping to be
a pradical sdeme, since it is not resilient
to box falures. We presentit to obtain the
benchnark perfamanceboundof the push-te
peersystem which is meantto be comparedto
the performanceof the code-basedchene.

In the remaindeof the pgoer we asune that
there areM boxesand that each window of a

videois of sizeW.

A. Full Sriping scheme

A full striping scheme stripes each window
of amovie over all M boxes. Speci cally, every
windaw is dividedinto M blocks, eadt of size

W=M, and eachblock is pushed to only one

2The following modi cation shouldbe made (1) Each box
requres additional memoryspaceof sizeegualto the sizeof a
singlemovie. The additiond memorycaches a full copy of the
video thata box is currertly watching. (2) The window tha a
jump operationis madeto by the box is downloadedif a copy
of the window hasnot beencacheal in the additiond memory
spae. Othawise, the box continuesto download all windows
of the video in order until it has a full copy of the video in

the additional memay.



box. Consequentlyeach box storesa distinct
block of a window. A full window is recon-
struced at a particular box by corcurrently
downloading M 1 distinct blocks for the
window from the otherM 1 boxes Hencea
single movie downloadrequestgeneatesM 1
sub-equets, eachtargeed at a paricular box.
A box serves adnitted subrequestsaccord-
ing to the Processor Sharing (PS policy, for-
warding its blocksof the requestedideo to re-
guestirg boxes PSis an adequatenodel of fair
sharingbetweencorcurrent TCP conrections,
when there is no roundtrip time bias and the
bottleneckis indeedthe upsteam bandwidh.
We further imposea limit on the number
of sub-requests tha a box can serve ssmul-
taneously Speci cally, to be able to retrieve
the video at a rate of Ren, One shoutl re-
ceive blocks from each of the M 1 tamet
boxes at rate at least Renc=M , where Renc IS
the video encoding/fplayback rate. Hence we
shoutl limit the number of concurent sub-
requestsbeing seved by each box to at most
Kmax = bBBypM=RencC, wWhere B, is the
upsteam bandwdth of ead box. We envi-
sion two apprachesfor handing newv video
download requests tha are blocked beause
one of the M 1 required boxes is arealy
saving K nhax distinct subrequestsin the rst
apprach, we simply drop the new reques

In the second appioad, eachof the M 1

subfrequestsgeneratedby the new requestis
managed independently at each tarmget box. If
there are fewer than K concurent jobs
at the tamget box, then the subyequestenters
service directly. Othemwiseg it is placal in a
FIFO queuelocal to the sening box, andwaits

till it can startservice.

B. Codebasal placement

We describe a modi cation of full striping,
namnely code-basd placement, underwhich the
maximum numker of simutaneousconnedions
that a box can sene is bounded by vy, for
soney < M 1. This schemeapplies rateles
coding [16], [17]. A rateles codesuch asthe
LT code[16] cangeneratean in nite nunber
of so-cdled codedsymiwols by comhning thek
source symlols of theoriginal cortent. Thes k
source symbols can be reconstructedavith high
probabiity from ary setof (1+ ) k distinct
codedsynbols. In practice,the overheadpa-
rameter fallsin [0:03; 0:05], depending onthe
codethatwe use[4], [17].

The code-baseddene we proposedivides
each window into k source synbols®, and

generateCk = (M(1+ )=y + 1))k coded

SWith ratdess codes the greder the valueof k, thegreaer is
the probability of recorstructing content with small overhead
[4]. Consequetly, the symbol size should be as smdl as
possble, andthereforein our casesymbolsizeshouldbe equal
to padet size (i.e. MTU).



symlols. We call C the expansionratio, where
C > 1. For eachwindow, the Ck symbols are
evenlydistibutedto all M boxes such that each
box keepsCk=M = (1+ )k=(y + 1) distinct
symiwols. A viewer can remnstructa window
of a movie by concurrenly dowvnloadng any
Cky=M distinct symbds from an arbitrary set
of y boxesout of (M 1) boxes.

The code-baseé schemeis similar to full
striping in the sensethat distinct (coded)sym-
bols are striped to al 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-lased scheme. The maximum num-
ber K2,
currently procesed on each box to ensure
= by +
1)B p=RencC. Under the blocking model,a new

of sub-requests that can be con-

delayfree playbacknow readsk 2 .,

requestis dropped, unlessthere are y boxes
currently handling lessthan K 2, subfequests.
In that case,the new requestcreatesy sub-
requeststhat directly enter service at the y
boxes cumrently handing the smallest nunber
of jobs. Under the waiting model, each box
hasa queuefrom which it sdects subrequests
to serve. Each new movie download request
generate$! 1 sub-equedsthataresentto all
other boxes Upon receapt at a receiving box,
eadt sub-equest either enters sevice diredly,

if there are lessthan K ©

max

sub-requests cur-

rently senedby that box. Otherwee it is placed
in a FIFO queue speci ¢ to the box. Once a
total of y sub-equeds have enteredservice, all
otherM 1 vy sub-equessaredeleted.Thus
eachreques eventwly generatenly y sub-

requests.

C. Deterministic demands

We rst considera modelwhere the demand
is speci ed by the maximum number of con
currentviewings, N;, of each movie j, tha the
systemis expeded to faceat ary given time.
The quality of a placenent strategy is then
evaluatedby determining the demand pro les
it can handle.Here a demandpro le is fN;g
suchthat no addiional requestcan be seved.
The demand pro les fN;g can be though of
as de<ribing the maximum demandthat can
be handled at a busy hour, or during a ash
crowd event.

We rst consider full striping. One hasthe

following.

Propgcsition 1: Under full  striping, a
sufcient condiion for a demand prole
fN;gj=1...,; to be sustaineds

X
Nj Renc =M

j=1
Under ary schemewhich storesa single copy
of eathh movie, a necessiry condtion for a

Bup: (1)

X
N; Renc (1 12M)
i=1

MByp: (2)



Proof: To see the sufciency of (1), we
note that ead paricular 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{ree playback. Thus the rate demandon
a particular box is at mostP 721 NjRene=M . It

cantherefae be met underCondition (1).

To establishthe secondpart, let A;., denote
theamountof memory dedicatedo movie j on
box m. By assmption, M_. Aj.m = T, Renc.
Let T; denotethe length of movie j in see
onds. Considera random assignnent of movie
requestdo 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

hande subfequestds, on average,given by
X Ajm

T Nj(1 1=M):

j=1
Indeed, each requestto view movie | has
probabilty (1 1=M) of coming from another
box, in which caseit createsa sub-request to
box m, that must be sened at rate Aj.,,=T,
to alow delay-free playbak. Summing this
expression over m yields the average total
savice ratefor the system.This alsocoincides
with the left-hand side of (2), which by as
sumpion is stiictly larger than the total uplink
capatty M Bp. Thustheremust exist speci ¢
assignmentsof viewing requestsN; to boxes
m thatareinfeasible, for otherwise the average

savice rate would not exceedthe total uplink

bandwdth. [ |

Note that the condiions (1) and (2) cover
i i NjRenc=(M Byp)
is regectively less than one and greaterthan
M=M

vanishing lengthwhenM is large.In this sense

the caseswherethe ratio

1). The intermediate range is of

we can claim thatfull striping is asynptoticdly
optimal anong pdlicies that store only one
copy of eachmovie.

Let us now turn to code-basedlacement.
Again, we assumethat the amount of storage
dedrcatedto eachmovie | is CTj Renc, for some

common factorC > 1. We thenhave
Propasition 2: Under coding, a sufcient

3
c X C
M@+ )

MByp:

(3)
Under ary scieme which stores at most
CT;j Renc for moviej , anecessiry condition for

X
Renc Nj(1 C=Mm)
j=1

MByp: (4)

Proof: Eachrequesto view movie j gen-
eratesy sub-equegds, wherey is relatedto C
viaC = M (1+ )=(y+ 1). Delay-free playback
is possibe if eachsub-equescanbe senedat
arateof Renc=(y + 1). A balancedassignnent
of sub-equegds to boxes can ensure that each
box dedszwith at mgst

X X

1 1
gm Njy% 1+ o
j=1

Njy
j=1



sub-equeds. Thusdemandis feasibk if

2 3
X

N;yS
=1

Renc 41+ 1

y+ 1 — Bup:

Replacingy by its expresson (1+ )M=C 1
in the above inequalty yields Condition (3).
To establsh the secondpart corsider a ran-
dom assgnmentof viewing requestdo boxes.
Let A;., denoe again the amouwnt of storage
dedicatedo moviej onboxm. Becaus of the
constrant  Aj;m = CTjRenc, €achrequest
to view movie ] hason averageafraction C=M
of the requred data stored locally on the box,
and thus requireson averagea servce rate of
Renc(l  C=M). Thus,theleft-handside of (4)
representsthe average service raterequired for
delay{freeplaybackof all requess. When(4) is
not satis ed, this is larger thanthe total uplink
bandwdth M Bp, and neessaily there exist
spet¢ ¢ assignments of viewing requeststo
boxes thatcanna be satis ed, for otherwse the
average servicerate needd would not exceed

the available uplink bandwidh. [ |

D. Sochastic mockls of demand

Let us introduce the following stochastic
model for demandRequest$or movie | arrive
acording to a Poisson processwith rate ;.
Each reques originatesfrom box m with prob-
ability 1=M , forallm 2 f1;::: ;M g. This last

asunption can be interpreted as follows. We

10

assime that no knowledgeis available regard
ing which use is more likely to requestwhich
movie. We make this assimption for simplicity.
In practicewe expectto have information abaut
user preferences, either communicated explic-
itly by usersto the system or inferred from
pastusagebehaiour.

We note that, although the Poisson arrival
model is standad in queueingtheory it is
not enirely realistc in the presat setup. In
paricular onewould not expectthe samemovie
to be viewed several timesfrom the same box,
or several movies to be viewed simultaneously
from the same box. However, the modelallows
to gain insight in the design challenges of
placementschemesThis is illustrated further
in the next sedion where we discusspre x
cachingstrategies

1) Optmality of full striping: Denoteby L;
the size of movie j in bytes and by Aj.n
the amouwnt of menory in bytes dedicatedto
movie j on box m. Then the average size
of a download requestfor movie j is L;
(1=m) i nM1:1 Ajm.

We shall assumethat a single copy of each
movie is storedin the sygem, which can be
Mo Aim = L.

trandatedinto the constraint _;

It is natural to ask whetherunder such con-
strants, there exists a placementstrategy that
is optimal with respectto the demand rates |

that it canacconmodate.The following shavs



that full striping is suchan optmal placement

strat@y:

Propositon 3: Assume that a single copy
of ead movie is staed in the whole system.
Then under full striping data placement, and
for thewaiting model, the systemis stable(i.e.,
downloadtimes do not increase unbaundedly)

wheneer

X
iLi(1 13M)<M By:
j=1

Moreover, for ary other placementstrategy

®)

spec¢ edby theA;.,, thesetof rates ; accom-
modated without rejecton is strictly smalker

thanthat underfull striping.
Proof: Note thatfor ary placenent policy
in which moviesarestoredonly once,thework

arrival rateat a given box m is given by
X

(m):=(1 1=Mm)
j=1

Under full striping, one has Aj.,, = Lj=M.

jAjm: (6)

Thus cordition (5) is equialentto the condi-
tionthatthework arrival rate (m) is less than
the savice rate B, of box m. This condtion
doesnat dependon m, andis thus neessay
andsuf cientfor stability of the whole system.
Congdernow a differentplacemenstratayy,
for which ther exists a pair (j ;m ) such
that Aj .
o=

a pul strategy that can stablize the system

> L; =M. For ary demand rates

1;::::J, assumethat there exists

under such demand. Then necessurily, for al
m 2 f1;:::;Mg, one has (m) < Byp.

Summing theseinequaities one obtans (5),

11

hencesuchdemandcan aso be handledunder

full striping.
Considernow a paricular demand vector
where ; = Oforallj 6 j , and

i (1 1aM)L; = MBy

for some small > 0. Clealy this veries
(5). However, the load placed on box m is
precisely

(Mm)=(@1 1M)j Aj im:
By our choiceof (j ;m ), we thushave that
(m)>@ 1aM) ; L; =M:

Thus for small enough , one must have
(m ) > Byp. Therefoe, thisboxis in overload
andthe systemcannotcope with suchdemands,
while full striping can. [ |
As shawn in [23], this reault can be further
extenced to non Pois®n arnivals, and strength
enedby shaving that at arny given time, the
averagework to be done at a particular box is
minimal underfull strping.

2) Nearoptimality of the code-based
scdheme: We assune addtional storageis used
per movie as described before. Speci cally,
we assune that a total storage capadty
of C L
C =M

ratio introducedin the previous section. The

Is devoted to movie j, where

A+ )=y + 1) is the expansion

soluion basedon encodiy assumesthat for
movie j , a total quantiyy of A;.,, C L;=M

datais stored on each individual box m. This



data consistsof symbds, such that for any
collection of y+ 1= M=C boxes eachmovie
canbe reconstruad from the joint collections
of symbols from all thesey + 1 boxes We

then have the following propasition:
Propositon 4: By using the pull strategy

descibedin Section 11I-B, the systemis stable

wheneer the Poissonarrival rates ; verify

X
iLi[1 C=(1+ )M)I<M Byp:
i=1

Moreover, ary schene thatusesC L; storage
for movie j cannotcope with demandates |,
unlessthe following condition

@)

X
ij [1 C=|\/|]<M Bup
i=1

8)

holds
Theproof relieson standard_yapun function
techniqies using as a Lyapunw function the
un nished work in the system. It is omitted in
the preset documentfor brevity. We only note
that the average amount of datathat neals to
be downloadedfor a requestfor movie j is
L;(1 C=M) whentheoverall stolage devoted
to movie j is CL;, and hencethe left-hand
side of (8) is indeedthe rate at which work
entersthe system,while the right-handside is
an upper bound on the servicecapacityof the
system.Thus with the assumedtotal storage
permovie, Condtion (8) isindeed necesary to
ensureheexistenceof apull strategy for which
the system is stable. The code-basgé scheme

is indeedneady optimal, since Condtions (8)
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and(7) coincidewhenthe overhea paameter

tends to zero.

V. PERFORMANCE ANALYSIS
A. Blodking model

We now proposesimple modelsto predict
the blocking probability of the system when
requests are dropped (blocking model) when
resources are not available.

We rst considr full striping. In the actual
system, the number of requestsin progress
varies from box to box, becausea reque$
ing box does not place a requeston itsdf.
Also, the overall servicespeedvaries between
(M
tem state:whena single video downloadtakes
1)Bp, While
an overall servicerate of M B, is achiered

1)By, andM B, dependig on the sys-

place, it proceedsat speed(M

when subtequestsare sered on all boxes.
However we corsider simpli ed dynamics,
where the number of subrequestss the same
on each box, and the total servicecapaity is
alsocorstant Speg cally, we condder a total
servicecapadty of By = M Bp andassume
this is sharedevenly amorg active downloads.
The total amount of data that needsto be
downloaded for the playback of movie j is
then taken to be L;(1 1-M). We assume
movie j download requestsarrive accordng to
a Poissonproces with rate ;, anda maximum
number of concurent downloads of K ax =
BB otal F[Renc(1 1M )]c. Thesesimpli eddy-
nanics correspondo the classcal M/G/1/K/PS



model, the blocking probabilty of which is
given by (seee.qg. [14])

(@ ) Ke

| -
T K]

©)

where
P.J
_ -1 L@ 12m)

B total

(10)

To model the performance under coding

we malke similar simgify ing assunptions. We

again assune that ead box handles the same

number of subfequests,so that the system
stateis captued by the total number of movie
download requests.However we acount for
the fact that each movie requestis served by

a maximun of y boxes by taking the total

savice rate,whenthere aren movie requests,

asthe minimum of By, and nB" where B :=
YBup.

Under such simplifying assimptions, the
system state evolves as a birth and dedh

processon f0;:::;Kmnax9, where Kpax =

13

For this systemthe blocking probabiity, which
coincides with the steady state probability of
being in stateK nax, IS

:k] K max k
: 11

Py = p

-

k1 h o, k1 gmex k7

i=0 T K T o

wherewe have introducel the notatbons

Brotal -
1

0 1= 07 g

Biotal '

— pBuotal
k =b -c

The derwvation is a simpe exercise,and is
omitted for brevity.

We plot the rejection rate for the proposed
data placementschemesn Figure 1. In the
simulation, we assune that the arrival of user
requests is a Poisson process and that the
probabiity that the reques originates from
a spet¢ 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

bB tota. Rency=(y + 1)]c. The birth rateequals the video. The x-axis indicatesthe nomalized

= in all statesexcept K nmax, andthe

deathratein state n is ¢

min(n B Biotal)

where™ is the average job size,

X
T2t (EL Y+ D)
i

“We would indeedhave a Markovian birth anddeath process
if job sizeswere exponentially distributed, and with mean —.
Insengtivity results on Proessor Sharingsystems see e.q. [13]
guaantee tha the rejection probaility is insenstive to the
adual servicetime distribution ard justify formula(11) for the

case of mixturesof detaministic servicetime distributions

arnval rate of userrequestandthe y-axisindi-
catesthe rejectian probability of use requests.
The rejedion ratesdo not differ much be-
tween the two schemesPerhaps sumprisingly,
the full striping schene consistenyl outper
formsthe code-basedchene, eventhouwgh the
last schemebene ts from larger amounts of
datastoredon each box This is explained by
the fact that thereis 5% coding overheal for
the code-baed schemeand the full striping

schemeallows viewers to take advantage of



the bandwidh from all 128 boxesregardlessof
the number of sened viewers, while the code-
bas& scheme constramns the numberof boxes

that are concurently usel to 31.

0.12

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

01pn__ -sim:coding scheme (95% confidence interval)

Rejection probability
o o
S &

o

o

i
T

0.021

0.95 1 1.05 11 1.15

Normalized arrival rate

0 "
0.8 0.85 0.9

Fig. 1. Rejectio probabilitywith M = 128, Video encodng
rate Renc = 2M bps, Updrean bardwidth By, = 1M bps
Size of Video L 0:05,

2Gbytes, Coding overhead

and Maximum number of simultaneos incoming connedcion
y= 3L

B. Full striping: waiting model

In this section we corsider the perfamance
of the systemunder full striping and when
requestsareallowedto queueup for resources.
As for blocking, we make simplifying assump-
tionsto dene a tractabk performance modd.
Spec¢ cally, we again assumethat all boxes
hande the same numbers of subfequests.
Thus, an incoming movie request is accepted

on all boxes,in which ca® it getsa fair share
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of theoverall sydem upsteambandwidh, pro-
vided there are fewer than K . jobsin the
system.Otherwise, the job is put in a single
FIFO queue. Again K is deermined to
ensurethat effective download rate is at least
playbak rate Renc.

We cdl this systemthe FIFO+PS service
system.While its performance is well under
stoal under the assimptions of Poissonjob
arrivals and exponental service times, to our
knowledgeits performancehasnot been anal-
ysed previously when the asunption of ex-
ponential sevice timesis relaxed. One of our
contibutionsis to provide such an analysis, in

a heavy traf c regime.

Notations are asfollows. Service cgpacity is
normalised to 1. Jobs arrive a instans of a
Poissorprocesswith intensiy . Jobsarei.i.d.
with sone xed distribution; we denoteby
a typical job servce time. K ,ax still denoes
the maximum number of jobs that can be
sened concurently. Theindex * is introduced
to setthe stage for the heavy trafc analysis.
Denotng by -E( ) thetraf c intensity
we shall assumethat,as” tendsto in nit y, the
load approachesl from below:

lim - =1:

<1
1

1

We shall further assme some scaling be-
haviour for parameterK ax, namely the ex-
istenceof a posiive numker m suchthat:

II!Lm (1 JKmax = m:



We then have the following resul, the proof

of which can be foundin [23]:

Theoem 1. Assume that the service time
distribution is a nite mixture of Exponenial
distributions Denoteby Z the numberof jobs
in steady state in the "-th system.Onethenhas
the following corvergen%e,for allt> 0

% e m 2 m)—?= 2

. . t
‘II|lmP zZ > - = if t>m;

1
etift m:
(12)
Furthernore, denotng by W the waiting time
of ajob in stealy statein the "-th system,one

hasthe following corvergence,for allt O:

imP 1 W >t=em a7=72. (13

In particular the probabiity of not waiting
sdis es

lim PW =0)=1 e ™: (14)

Remarkl: Although we have edablished
the theoremonly for the caseof service times
that are mixtures of exponential distributions,
we expect it to hold more generally and in
paricular to apply to the presentsetupwhere
savice time distributions are concentated on

a nite set of values.

We now indicate how to use this realt. For
given system parametersyve appioximate the
distribution of the waiting time of an arhtrary
job as follows:

K ma x+ 2t7:72] .

PW >t) e (15)

We plot the waiting time distribution for
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bandwidthB,, = 1M bps, Sizeof Video L = 2Gbytes and a
= 0:98

Waiting time distribution for full striping with
128, Video encodng rate Renc = 2M bps Upstream

normdized load of

full striping, obtained by simulation, and the
correponding analytical predicton from Equa-
tion (15)in Figure2. While the shaps are simi-
lar, the match is not perfect. We observed better
matches wheninstea of deterministic service
times, we used exponential service times in
simulations We suspect tha the heavy traf c
appoximation becomesaccurate only at very
high loadswhen service time distributions are

not exponental.

C. Application: sizingpre xes

We now show how to usethe previousresults
to furtheroptimize conentplacemenassumng
extra storage is available. We again assume
there are J movies,all encodedat a constanbit

rate Renc, anddenoe by L; the size of movie



For movie j, we asune that a prex of
size P; is stored locally on each box. This
ensureghat eachuse can play backthe rst
tj = Pj=Renc secondsof movie j withou
downloadingextra content. We further assime
thatencodedsymbds arecreatedandplacedon
eadt box sothatfor eachmovie |, its remairder
canbe recorstructedfrom the symbols preset

atary y + 1 boxes
Let D denot the memay space available
on ead box. The above de<ribed placement
stratgy will befeasible providedthe following
constrant is sdis ed:
X

=1

Pi)=(y+ 1) D: (16)

Denoteby ; the rate of requestsfor movie
j . The amount of movie j that needsto be
downloadedfor the playbackis then

- _Y

j = W(L" Pj): 17)

Indeed,thepre x of sizeP; is storedlocally, as
well asa fraction 1=(y + 1) of theremairder of

the movie. The normalised load on the system
is thus:

PJ
= =1, 18
Btotal ( )
1) Blocking probabilities: We rst con-

sider performanceunder blocking. The maxi-
mum number of concurrentjobs is Kax =
BB total F[Rency=(y + 1)]c. The blocking prob-

ability is given by (9) in the particular case
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where y + 1 = M, thatis to say under full
striping. This probablity is thenminimized by
making the load as small as possible.

Using linear progmmmig, one can easly
seethat,to minimizetheload asgiven by (18)
and (17) under menory condraints (16) one
shoutl aim to cachelocally the most popuar
movies in full.

2) Waiting times We now assumethat re-
guests are queuedand scheduledaccordng to
FIFO rather thandropped whenthe number of
concurentrequestsin service equalsK max -

The evaluatiors (15) give us an appioxima-
tion of the distribution of the delayW between
request initiation anddownloadbeginning. The
actualdelay can be reduced becaise playback

canstartt; secondsbefare download stars.
This yields the following expresson for the
averagedelay D; experienced by requests for
movie j :
D; = E [max(O;W ;)]

Ry (1
= (x ti)i(— Je @

Kmax +2 =2 .
3 K max +2X7= 2] gy

We thus obtainthe formula

D: = e (1 IKmax +2tj 7:_2]:
e )

(19)

We use a simple example to illustrate
how a xed amount of memay in a box can
be optimally allocatedto preload pre xes of
moviesdependng on their relative populaities.
Figures 3 and4 shaw plots of the meanwaiting
timesD; obtainedfrom Formula (19). In each

ca®, there are two movies, and there is a
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x ed amownt of memory that can be usedfor
pre x esof either or both movies In Figure 3,
the popukrities of both movies are same.In
this cas, the gur e indicatesthat both movies

shoutl get pre xes of equal sizes. Note that
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for equalpopularties,varying pre x esdoesnot
changethe normalized load . Also, it does
not affect the averageservice time . It would
appearthenthat one movie would bene t from
having a larger pre x. This is however not
the case,becaise unbalance pre xeslead to
a large variance in the savice times and thus
a large secondmoment 2.

In Figure 4, movie 1 is twice as popuar
as movie 2. The gure indicates that it is
bene cia to both movies to allocate the pre x
memory to movie 1. By stoling 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 consideed the
cas whereall boxesare centially coordnated.
With such an assaimption the job placanent
strakgies i.e. the decision whereto placeand
sene the subrequestsof a job, are optimal.
However, in pradice a centralzed systemdoes
not scale in the nunmber of boxes. In this
sedion we therefoe propose a distributedload
balancimg stratgy for the sdection of serving
peers Althoughwe only considerthe casethat
upstrean bandwdth is not variable here for the
interestof space, we alsoconsicer the casethat
upstream bandwidh is dynamically changng
in our technicalreport[23]. More speci cally,

we proposeresourceoverbooking sdhene to



hedge against upstrean bandvidth diversity
and dynamt job migration schemeto addess
upsteam bandwidh uctuaions. Details can
be found in [23].

The strategy we consider for initial job
placementis as follows. When a download
requestis generatedd distinct boxes are ran-
domly chosen from the overall collection of
M boxes.The load, measired in terms of fair
bandwdth shae that a new job would get, is
measuredon al probed boxes. Finally, sub-
requestsre placedon they leastloadedboxes
amory the d probedboxes, provided that each
of the y sub-requests gets a suf cienty large
fair bandwidth share, i.e. larger than or equal
to (y=(y+ 1))Renc With our previousnotaton. If
ary of the leastloadedboxes cannotguarantee

sucha fair share thenthe request is dropped.

We assune as before that each box has a
x ed overall upstreanrbandwdth of B,. Thus

the maximum number of subrequestn each

bBup={y=(y + 1)Renc]C.

Many results are available on the perfor-
mance of related randonized load balancimg
schemes If we assumerequess arrive accord-
ing to a Poissonprocesswith rate M=y,
no rgection (Knax = 1), y = 1 (requests
generatea single subjob), and exporential job
size distribution, we have exactly the model
analyzedby Vvedenskayaet al. [26] (see also
Eager et al. [8] and Mitzenmacheret al. [19]).
For this sygem they show that,in the large M

boxis K max =
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limit, in steadystatethe fraction ; of all M
boxesthat contain at leasti jobsis given by

where is the nomalizedload on each box.

The systemwe corsider differs by the fact
that thereare several sub-pbs,andby the pos-
sibility of job rejection It is however amenable
to a similar analysis. We now determine x ed
point equatonsthatcharactene the fractionof
boxes holding a given number of sub-pbsin
equiibrium. We do not claim the delivation is

rigorous, but insteadvalidate it by simulations.
The heuistic deiivation proceels asfollows.
Fix i 2 £0;:::;Knaxg. For a newv request,
denot by X (respectrely Xi, Xsig<k ma
and Xk, . ) the number of sampéd boxes
with les than i jobs (respectrely i, more
than i and less than K nax, and Kmax). The
vectorof thes four quantiies follows a multi-
nomial distribution with parametersd and

(P<i 5 Pis Poi &<K max s Pkmax ), Where

X X
P<i =

j<i

Pii Poi &<k pax = P -
i< <K max

Denot by F;(u;v;w;z) the probabiity that
this multinomial distribution puts a job on
the vector (u;v;w;z). Its dependencen the
parangters p; is not madeexplicit to simplify
notation. Denotk by G; the expectednumber of
boxeswhich previously hadi jobs andreceive
a new onefrom such a new request.This can
be written as

X
G = Fi(u;v;w; z) min(v;max(0;y u)) 1; 4 y:

UV w;z



Indeed the fador 1,4 y retains only
terms in the summation where all sub-pbs
can get enough bandwidth, and the term
min(v; max(0;y  u)) couns the nunber of
leastloaded boxes that currently have i jobs.
We obfain the following heurgtic differental
equatiao usingthe notatiors:

IMp =M=y )G .

gt Gi)

M (pi pi+1):

The rationale is that nev boxes with i jobs
appearat rate M =y G; ; becauseof extra
jobs being placedon boxes previoudy holding
i 1jobs, andalsoat rate M pjs; becauseof
departiresfrom boxesprevioudy holding i + 1
jobs. The rationale for the departire ratesis
similar.

The xed point equation for p; is then
obtained by sdting the left-hand side of the
previous equation to zero. Introduce now the
notation
Gi

BT

The x ed point equatioms may thenbe written

as

Pi+1 P 1 =00  Kmax 1
. P« .
Since 0™ pi = 1, we obtainin tum
Po = T [ )R] (20)
Qn 1
Ph= —Fpos n= 05t Kmax (21)

Note that the parameters ; in the right-hand
sidesof thes expressionsdependon the p;'s
thenselves. The xedpoint equatons(20),and
(21) canrot be solved explicitly. However we
obtain a numercal appioximation by applying
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iteratively the function speci ed by (20), and
(21) on an initia guessfor the p;'s. We ob-
sened fag numercal corvergenceof theitera-
tionsin our experiments.Once the parameters
p; are deternined, the rejection probablity is
deteminedaccordng to the formula

x d

P (1 Prow )

Preject =
i=d y+1

Figure 5 shows the numerical soluions and
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Fig.5. Numerica solutionsandsimulationreaullts for rejedion

probability using the proposedoad bdandng schane

simulation resultswe obtainfor distinct choices
of parameters(y;d) for varying nomalized
load = =

simulation reaults is obtained using M =

, and setthg K nax to 3. Here,the
50
boxes The numerical solutons matchrea®n-
ablywell the simulation results. We believe that
the X ed point equatonswe just descibed are
accuraten the large M limit.

More importantly, we obsere that even at

normalised loads closeto 100%, the regjection



probabilties remain small: belov 15% when
only two addtional boxes are probed and
down to 10% whenthree addtiond boxesare

probed.

VI. RELATED WORK

Pee-to-peer networks for streamimg videoon
the Internet have generateda lot of interest
recently [6], [28], [20], [25]. However, most
of the efforts have focused on efcient tree
and meshcorstruction, assumig the upsteam
bandwdthsof peersare largerthanvideo play-
back rate. Under this asunption p2p systems
can scale to support arbitrarily large nunbers
of clients.In contrag, we cancopewith uplink
bandwdthssmalker thanvideo playbad rate,a
condtion that holds in most acces networks,
paricularly DSL. More recantly, Danaetal. [7]
and Tewari et al. [24] proposal BitTorrent-
basel live streaming service under the same
assunption of limited upstreambandwidh. In
both proposas, the upsteam bandwidh limi-
tation is overcorme by the assistanceof sever
basel streamdelivery in their proposea sys
tems. However, the Push-b-Peer systemdoes
not rely on contentservers except in the push
phase.

Load baancing strategies have also been
investigated in the context of job schedulim
in distibuted systemsand more generalbins
and balls problems [8], [18], [19]. To the best
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of our knowledge, all of the proposed load bal-

ancingschenes are targetedto balancdoads of

independenjobs. On the contary, we addess

the problem of balancimy the load imposedby

subtequestsfrom a job, that shoull be co-

scheduleddeally. More recently, load balanc-
ing in the caseof bulk arrivals of jobshasbeen
invedigated by Adler et al. [1], however, the
balancimg decisionis made per job ratherthan
per set of jobsarriving together Our proposed
schemecollectively balancesall sub-requests
for a job.

Another related area of work is the data
placementandpull schere for video streaming
services.Several methods have been proposed
in the literatue [15], [3], [21], [22]. Partic-
ularly, randon dugdicated assignment strategy
of data blocks and mirroring are proposed for
VoD servers by Korst [15] and Bolosky et
al. [3] regectively to addressthe problem of
disk failure. However, we use a code-lased
placementthat addresss the problem of box
failures. The pre x prefetching schenes for
p2p video streammng [21], [22] requre up-
streambandwdth of a pee to be larger than
video playbak rate, an assumpion we do not
make.

Raelesscodingschemedave beenproposed
by [4], [17], [16]. While these works dis-
cusshow to use the codes to download les

using multicastbroadcastransmissiosa [4] or



usingpeerto-peer networks[17], noneof these
works addess the usageof coding for video
streaming or video-on-demand. Other work
proposedhe useof network coding to acceler

ate le download in peerto-pea networks [9]

or to amelioate VoD for p2p [2]. Becauseof

the push-plase, our approachdoesnot requre
that peas serve contentthat they downloaded
previouslyfrom otherpeers.Therefoe network

coding is not neededn our context.

Our work is different from a streaming ser
vice provided by multiple senersin the fol-
lowing aspectsFirst, unlike multiple stream-
ing seners, the boxes are also clients in
our case. The implication is that by placing
more data, the bandwdth requrementdbemme
lower, which is not the casein the multi-server
streaming. Secondly in caseof a multi-server
streamng service, a clientis redireded to a set
of streaning seners, which are underconplete
control of the provider and well-connected
through high-speed networks. However, in our
work, theclient chooses set of best peer nodes
in distributed fashion, i.e., using the proposed

randanized peerselection algarithm.

VIl. CONCLUSION AND FUTURE WORK

We proposal Push-b-Pee, a novel peerto-
peer approachto cooperatvely stream video
using push and on-demandpull of video con-

tents.We showed the theoretcal upperperfor-
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mance boundsthatare achievedif all resouces

of al peersare perfecty pooled, and present
the placement (nanely full-striping and code-
basedscheme)and pull pdlicies that achieve

thosebound. However, perfed poding is only

possible with global knowledge of system state,
which in practice is not feasble. Therefore, we

proposedandanalysecda randomizedjob place-
ment algoithm. We are currenly developing a

prototype system.

We plan to do a more systenatic analysis
of placementschemesthat take into account
movie popularity. The non-uniform size of pre-
x espreloadedfor differentmovies makes the
useof procesor shaing scheduing less effec-
tive, becausethe deadlne for downloading a
windaw is determnedby the size of preloaded
prex. To addess this issue,we plan to adqot
EarliestDealline First (EDF) scheduing poli-

ciesdevelopedfor multiprocessors.
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