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ABSTRACT

Due to the lack of deploymentof a network-layer multi-
cast service,mary overlay multicast protocolshave been
designedand deployed acrossthe Internetto supportcon-
tentdistribution. To ourknowledge however, nonehave pro-
videdarigorousanalysisof the problemor the effectiveness
of their proposedsolutions.Here,we setasidethe engineer
ing challenge®f protocoldesignto focusonthefundamen-
tal graphproblem.

We bggin by formulating the Overlay Network Content
Distribution (OCD) problemandshav thatvariantsthat at-
temptto optimizefor eitherspeedor bandwidthutilization
are NP-complete Using both a time-indexed Integer Pro-
gramanda branch-and-boundearchstrateyy, we calculate
optimal solutionsfor smallgraphs While solutionsto OCD
provide performancdooundsyealisticdeploymentscenarios
will not have global network information.Hence,we intro-
duceanon-line variant,the Local-knonvledgeOverlay Con-
tentDistribution (LOCD) problemandshaow thatnoconstant-
competitve approximationexists. Instead,we presentsev-
eral heuristicsthat performwell in realistictopologies.We
concludewith anevaluationof our global andlocal heuris-
tics andenumerate@ numberof openproblems.

1. INTRODUCTION

Recently therehasbeentremendousnterestin building
cooperatrecontentistribution networksto deliverdataamong
a groupof nodesspreadacrossa wide-areanetwork. There
aremultiple degreesof freedomin de ning theproblem,in-
cluding:i) thenumberof sendersii) the subsebf dataeach
recever is interestedn, andiii) whetherthe cooperatioris
meantto be one-shotor long-lasting.Similarly, therearea
variety of goalsfor suchsystems.The mostcommongoal
is to improve performancej.e., to remove the bottleneck
associatedvith a single sourceattemptingto disseminate
contentto a large numberof recevers.Othertargetmetrics
include fairness(ensuringthat nodescontribute roughly in
proportionto oneanother)reliability, andperobjectlateng.
Evenfor thebaselinggoalof maximizingperformancethere
are multiple variantsincluding minimizing averageperfor
mance,worst-caseperformanceand the total global band-
width requiredto achieve a performancebjectie.

Giventhe very large spaceof reasonablg@roblemformu-
lations, combinedwith the peculiaritiesof Internetgraph
structuresyaryingbandwidthandlateng characteristicSail-
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ures,andTCP congestiorcontrolbehaior, it is not surpris-
ing thattherehave beenasigni cant numberof distinctpro-
posedsystemarchitectureseachwith a particularvariation
on the problemstatemenandwith a particularsetof bene-
ts [2,3,4,5,9,11,12,16,18,19].

Perhapssurprisingly however, therehasnot beena pre-
ciseformulationof the underlyingproblemthatis beingad-
dressednd,hencenounderstandingf how a particularso-
lution comparego calculatedupper/laver bounds(depend-
ing on the exact formulation)for the problem,eitherexact
or approximatedasedn availableheuristics For example,
in our own work on comparingthe performancef a variety
of contentdistribution systemsaundera variety of emulated
anddeployed network settingg[10], we haddif culty argu-
ing how well we weredoingrelative to how well anysystem
could perform.

Thus,thegoalof this paperis to formally de ne theOver
lay NetworkContentDistribution (OCD) problemandshowv
how our problemformulationcanbe generalizedo a wide
rangeof existing andpotentialscenariodeingactively pur
suedby the researctand developmentcommunity We also
shav thatthe problemis NP-completeand, that while it is
similar to a numberof well-known problemsin the theory
community detailsof the deploymentscenariamake it dis-
tinct from the problemsof which we are aware.In partic-
ular, nodesmay duplicateindividual items along multiple
outputlinks andthe distribution structureis not necessarily
restrictedto a treebut may take on an arbitrarymeshof in-
terconnectiity over anunderlyinggraph.

As a startingpoint for understandinghe behavior of this
problem,we developa simplealgorithmandanintegerpro-
grammingformulationto calculateoptimalbehaior for small
graphswith few les. We also develop a global heuristic
to provide approximateanswerdor larger problemsettings
andon-line heuristicsthatare moreamenabléo translation
to deploymentin realisticlarge-scalenetwork ervironments.
Finally, we calculatebounds(not necessarilytight) to pro-
vide a rough notion of the quality of our local and global
heuristican arangeof scenarios.

We hopethatourformulationof theOverlayNetwork Con-
tent Distribution problemwill leadto subsequenapproxi-
mationalgorithmsthat can,for instance guarante@pprox-
imationswith boundederror in realist settings,perhapshy
mappingthe problemto otherknown settings.Further we
believe that our ndings regardingthe behaior of a vari-
ety of heuristicshave potentialimplicationsfor how next-
generatioroverlay contentdistribution networks shouldbe
architectecanddeployedaswell aswhethersigni cant per



formanceimprovementsarestill availablerelatveto a given
implementatiorandsystemarchitecture.

Therestof this paperis organizedasfollows. We begin in
Section2 with a suney of relatedwork. Section3 formally
de nes the problem,aswell asproviding hardnessesults.
We considerthe on-line formulationin Section4. Section5
detailsthe performanceresultsof our heuristics.We con-
cludein Section6 with abrief enumeratiomf openproblems
in this space.

2. RELATED WORK

Overlay contentdistribution hasreceived a greatdeal of
attentionover the pastfew years.In general,overlay net-
worksconstructsingledistributiontopology—traditionally
a spanningtree, but more recentlymesheshave comeinto
favor—which they thenuseto forward trafc from source
to destination Systemshave focusedwith varyingdegrees,
on constructingopologieghatreducebandwidthconsump-
tion, distributionlatengy, or dataloss.We arenotconsidering
lossychannelsor nodefailureshere,sowe will restrictour
suney to systemghatfocusonthe rst two.

Overcas{9], oneof the rst overlaysystemgproposedat-
temptsto constructa bandwidth-optimizedverlaytree.An
incomingnodejoins atthe sourceandprobesfor acceptable
bandwidthunderoneof its siblingsto descendlown thetree.
Obviously, a nodes bandwidthandreliability is determined
by network characteristicbetweeritself andits parent.

In an attemptto improve distribution speed ,Narada[5]

rst constructsa bandwidthandlateng-sensitve meshbe-
tweenall nodeshasednak-spannegraph.Usingtheinter-
nodecharacteristicgatheredrom the mesh Naradaselects
persourcespanningtreesfor forwarding data. Snoerenet
al. [18] ignore bandwidthcosts,and focuson reliable low-
lateng delivery by constructinga meshconsistingof k edge
andnodedisjoint spanningrees.Youngetal. [19] construct
anoverlaymeshof k edge-disjoinfminimum costspanning
trees(MSTs). The algorithmfor distributed constructionof
treesusesoverlay link metric information suchas lateng,
lossrate,or bandwidth.

SplitStrean|3] aimsto construcaninterior-nodedisjoint
forest of k Scribe[15] treeson top of a scalablepeerto-
peersubstratg14]. The contentis split into k stripes each
of which is pushedalongone of the trees.This systemac-
countsfor physicalinboundandoutboundink bandwidthof
a nodeto determinethe numberof stripesa nodecanfor-
ward.In CoopNef12], thesourceof themultimediacontent
computedocally randomor node-disjoinforestsof treesin
amannersimilarto SplitStreamThetreesareprimarily de-
signedfor resilienceto nodedepartureswith network ef -
cieng asthe secondjoal. Similarly, the FastReplicd4] le
distribution systemalleviatesthe overlay tree's problemof
relianceon a singlenodefor high bandwidthdissemination.
Thesourceof a le dividesthe le into n blocks,sendsadif-
ferentblock to eachof the recevers,andtheninstructsthe
receversto retrieve the blocksfrom eachother

A popularalternatveto structureccontentistributionover
lays,BitTorrent[2] usegpeerto-peercommunicatiorto dis-
tribute large les on the Internet.Incoming nodesrely on
a centralizedradker to provide themwith alist of existing
systemparticipantsand system-wideblock distribution for

randompeering.No attemptis made,however to provide
optimal bandwidthor lateng guaranteesSlurpie [16] im-

provesupontheperformancef BitTorrentby usinganadap-
tive downloadingmechanisnto scalethe numberof peersa
nodeshouldhave.

Kostic et al. recently proposedan improved version of
Bullet[10, 11] thatoutperformspreviousoverlaysystemsn
termsof downloadtime. In doingso,they considemnumber
of engineeringradeofs commonto overlaysystemsSome-
whatsurprisingly however, neitherthey nor arnyoneelsethat
we areawareof have rigorouslyformulatedor analyzedhe
underlyinggraphproblem.The le distribution problemis
related however, to severalclassicalproblemsin operations
research.

Perhapgshe most fundamentalis the well-known trans-
portationproblem,in which goodsaremanufcturedn par
ticular locations,and needto be deliveredto consumersn
otherlocations Giventhecostof transportatiobetweerary
two cities,thechallengdsto nd anassignmenof suppliers
to consumer®f minimal costthatsatis esdemand.

Thetransportatiomproblemis aspeci ¢ instanceof aclass
of problemsknown asnetwork o w. Network o w consid-
ersaweighted directedgraphwith a sourceanda sink, and
computeghe maximum o w ratefrom sourceto sink sub-
jectto edgecapacitiegweights) Many generalizationsxist,
including multi-commaodity o ws, andgeneralizechetwork

o w, whereedgesareallowedto have a gain:therateof the
ow leaving an edgeis a linear factorof the o w entering
theedge.Thede ning constrainof anetwork o w problem,
however, is the notionof o w conseration: the sumof the
o w leaving a nodemustbe exactly equalto the sumof the
o w enteringthenode.Thisis clearlynotthe casein our sit-
uation,asincomingdatacanbebothstored andduplicated.

The overlay contentdistribution problemis further com-
plicatedby thefactthatdatais notquitelik e water:eachdata
elementis distinct, and a nodecannotforward a particular
pieceof datauntil it hasbeenreceved. Similar precedence
relationshave beenconsideredn thecontext of theclassical
machineschedulingoroblem wherethetaskis to completea
givensetof jobsin theshortesamountof time, subjecto re-
leaseconstraintsTheproblemhasbeenextendedo network
schedulingwhereeachjob originatesat somenetwork node
but canbeprocessedtothernodesn thenetwork. Moving a
job betweermachinesncurssomelateng/ however, andthe
goalis to reducetotal completiontime [13]. Unfortunately
thereis no notion of job duplication,or a particularaf nity
of jobsto machines.

The family of work mostcloselyrelatedto oursis likely
the study of online routing [1] and admissioncontrol, but
theseproblemsaassumaecircuit-like constructwhereanedge
canbe assignedsomenumberof circuits at atime, andthe
taskis to schedulgivencallsasef ciently aspossibleAgain,
thereis no notion of storageor duplication. Recentwork
by Goeletal. studiesthe so-calledonline FTP problem[7],
whichis aninstanceof themoregenerabketschedulingprob-
lem.Unfortunatelythey too considero wsassingle-source,
single-recaier, and do not deal with the notion of replica-
tion.

LWe note that storageis not hard to model in thetraditional network fow sense: simply
add self-edges of infi nite capacity at each node.



3. PROBLEM DESCRIPTION

We begin by describingthe generalizedystemmodelwe
will useto formulatethe overlay contentdistribution prob-
lem andits variants.We assumewithout lossof generality
thatall contentis in theform of unit-sizedtokens les canbe
representedssetsof tokens.Tokensstartoutatoneor more
nodes(senders)andthe goalis to transferthemto a differ-
ent setof nodes(recevers).For the purposef this paper
we will assumall nodesin the network areoverlay partici-
pantsihencethey canstore forward,andduplicatetokensat
will. We alsoassumehe network is private:link capacities
areconstantno tokensarelost, andlateng doesnotchange
with load—ary numberof tokens,up to the capacityof the
link, canbetransferrecacrossalink in unittime.

3.1 General model

Theinputis asimple weighteddirectedgraphG = (V; E),
a setof tokensT, andtwo functionsh : V — 2% and
w : V — 27 Here, 2T denotesthe power setof T. Let
¢ : E — N denotethefunctionwhich givesthe weight(ca-
pacity)of eacharc. (Note multi-arcscanberepresentedsa
singlearcwhosecapacityis the sumof the multi-arcs.)The
h (have) function denoteghe setof tokensthateachvertex
in the graphinitially possesseslhew (want) function in-
dicateswhich tokenseachvertex would like to eventually
possess.

We will de ne a move as an assignmenbf a token to
an arc, and a timestepto be a setof simultaneousnoves.
A distribution schedule(or simply schedul§ proceedsasa
sequencef timestepsAt eachtimestepthe numberof to-
kensthatmaybeassignedo anarcis limited by its capacity
c(u; v), andatokenmayonly besentby a vertex if thatver
tex possesseacopy of thetokenatthe startof thetimestep.

More formally, lett € N denotethe lengthof a schedule
(numberof timesteps)The schedules de ned by a collec-
tion of functionss; : E — 27, where0 < i < t; thefunction
s; givesthe setof tokensthataresentacrossarc (u; v) dur
ing timestep . For ascheduldo bevalid, we mustbeableto
constructa setof functionsp; : V. — 27 for 0 < i < t that
specify which tokensa vertex possesseat eachtimestep.
The schedulas subjectto thefollowing restrictions:

pv) = | poa)Usia(uiv)

ucV:
(u,v)EE
po(v) = h(v) (Initial assignment)
Is;(u;v)| < c(u;v) (Capacity)
si(u;v) C pi(u) (Possession)

A distribution scheduleis saidto be successfulf w(v) C
p:(v) for all verticesv € V. Therearetwo obvious in-
terestingcharacteristic®f successfuscheduleshow mary
timestepghey contain,andtheir total bandwidthconsump-
tion (how mary tokensaretransferredacrossan arc; this is
equialentto thenumberof moves).

3.2 File distribution times

De ne theFastOverlayContentDistribution (FOCD)prob-
lem asdetermininga satisfyingdistribution schedulef min-
imum length, . The problemis satis able if there exists

some for which this is true. The DecisionalFast Overlay
ContentDistribution (DFOCD)problemtakesasinputaFast
OverlayContentDistribution problemandaninteger *, and
determinesvhetherthe Overlay ContentDistribution prob-
lemis satis ablein * stepsHere, canbethoughtof asthe
maximumcompletiontime over all downloads.This metric
is oftenreferredto asmalespann the schedulinditerature.

Beforeproceedindo othermetricswebrie y considethe
dif culty of FOCD. For the purpose®f discussingroblem
sizesletn = [V|andm = |T|.

THEOREM 1. If aninstanceof FOCD is satis able, it is
satis ablein m(n — 1) moves.

PROOF. Supposeve aregivensomesuccessfutunfor an
FOCDinstanceNo usefulwork is accomplishedf avertex
recevesacopy of atokenit alreadypossessesoary such
movescanberemoved. Therearen verticesandm tokens,
eachof whichis initially possessely atleastonevertex, so
thereareonly m(n — 1) possiblemovesthatmightbemade
afterourabove cleanup. O

Corollary:Any satis ableinstanceof FOCDmaybesatis-
ed in m(n — 1) stepg(in theworstcasepnly asinglemove
is madeat eachtimestep).

THEOREM 2. If aninstanceof FOCD s satis able, then
there existsa successfulun thatcanbedescribedn O(nm -
(logn + logm)) bits.

PrRoOF. This follows from the previous theorem.As re-
marked, thereis a scheduleconsistingof at mostm(n — 1)
moves.Eachmove canbe describedy listing a token and
thearcto move it across.This informationcanbe encoded
with 2 log n+log m bits (thereareatmostn(n—1) arcs).The
sequencef movescanbe segmentednto timestepdy giv-
ing alist of thenumberof movesthatmake up eachtimestep,
inlog(nm) bitssincetherearenomorethanm(n—1) moves
pertimestep.In total, the descriptiontakes O(nm (log n +
logm)) bitsasclaimed. O

THEOREM 3. FOCDis NP-complete

PrRoOOF. We needto shav both that FOCD is NP-hard,
andthata solutionto FOCD canbe veri ed in polynomial
time. For ary instance(G; T; h; v) of FOCD, we sav above
thatthe sizeof a solutionto the FOCD problemconsistsof
nomorethanO(nm (log n+log m)), whichis polynomialin
n andm. It is easyto seethatvalidity of eachmove (thatthe
tokenis presentat the source)canbe testedin polynomial
time, ascanarc capacityandthe startingandendingcondi-
tions. In the appendixwe shav FOCD is NP-hardby con-
structingareductionfor the DominatingSetproblem,which
is known to beNP-complete. O

3.3 Bandwidth constraints

Ratherthan focusing entirely on speed,we can instead
considettheminimumbandwidthnecessaryo distributethe
tokensto the sinks.If we considersendingonetokenalong
one edgeto take one unit of bandwidth,then nding the
minimum-bandwidthdistribution scheduleis only a small
modi cation: thatis, nd a distribution schedulesubjectto
the sameconstraintasbefore,but try to minimizethenum-

berof moves
> Isi(u;v))

0<i<t
(u,v)eE
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Figure 1: A graph in which minimizing the time taken
and the bandwidth required are at odds. The minimum
time scheduletakes?2 timestepsand uses6 units of band-
width; a minimum bandwidth scheduleuses4 units of
bandwidth but takes3 timesteps.

ratherthanthe numberof timestepg. We call this problem
theEf cient OverlayContentDistribution (EOCD)problem.
Notethatsimultaneouslyninimizingthenumberof timesteps
andthe bandwidthusedis not alwayspossible;the graphin
Figurel illustratessucha case.

It is straightforvardto seethatEOCDreducego thegen-
eralized Steinertree problem, which is known to be NP-
complete[8]. To distribute any token using the minimum
bandwidthis to distribute it along the min-costtree from
its source(s}o all nodesthatwantthattokenwith unit-cost
edges.If we do not careaboutnumberof timestepsthen
optimal bandwidthcanbe achieved by distributing eachto-
ken serially over the Steinertree to the nodesthat wantit.
(It is a small adaptatiorto the traditional Steinertree prob-
lem to handlethe casewherea tokenis initially at multi-
ple vertexes:augmenthegraphwith 0-costarcsbetweerall
verticesthatinitially have thetoken). Thereforeit is a series
of Steinertree problemsthat, in the worst case takes2™™
timesteps.

3.4 Integer programming formulation

We now constructatime-indexedintegerprogramthatat-
temptsto provide a solutionto EOCD. First, extend graph
G by addinga self-arcat every vertex. Thatis, E’ = E U
Upev (Viv). Createavariablexfw)t for eacharc(u; v) and
tokent attimestepi. Letw,; = 1if t € w(v), 0 otherwise.
We arenow interestedn the solutionto:

Min E
0<ilT
(u,v)EEteT

- i—1
Xware S 2 X

veV:
(u,v) cE°

D Kluwyr SCU;V) Vi < 5W(u;v) €E
teT

T+1
X(_v,'u)t Z th

X(u.0ye € {071}

wherethe initial conditionsaregivenby x?, , = 1if t €

h(v), 0 otherwiselt is easyto seethatary solutionto thelP
is asolutionto EOCD.For ary solutionto IP, de ne

pv)= | t siuwv= |J t

1

7
X(u,v)t

subjectto:

t:ml(u:v i =

In realistic situations,we will not be interestedsolely in
minimizing time or bandwidth,but ratherto nd somebal-
ance Onesuchapproachs to searctfor abandwidth-optimal
solution subjectto the constraintthat the time be no more
thansomeconstantfactorof the optimaltime, or vice versa
(time-optimalsubjectto a bandwidthconstraint) Formaliz-
ing this hybrid goalis a subjectof ongoingwork.

4. ON-LINE APPROXIMATION

Our le distributionmodelis notanentirelyrealisticmodel
for how a le might be distributed.In mary caseswe can-
not expectto know the entirestateof the systemat the start,
soasto constructa global plan for which tokensshouldbe
sentwhere.A morerealistic modelis to assumehat each
nodemakesa decisionaboutwhich tokensto sendat each
timestepbasedonly on knowledgeit hasacquiredfrom its
neighbors.

Hencewe now consideianon-linealgorithmthatattempts
to solvethemorerealisticproblem.In this casejnformation
aboutwhich tokensare available andrequesteds all avail-
ableatthestartof thecomputationthoughnotknown by ev-
ery node.We askfor analgorithmthatcanrun ateachnode,
makingonly local decisionghatwill eventuallyensurethat
all tokensaredistributedwhereneededWe alsocareabout
how closesuchanalgorithmcancometo achieving the op-
timum distribution time.

4.1 Local knowledge

We formulatethe Local-knowledg Overlay ContentDis-
tribution (LOCD) problemto capturethis idea. The basic
problemis asbefore,but we formalize the notion of infor-
mationthat can be known by eachvertex at ary timestep,
andrequirethat ary algorithmonly make decisionsbased
onthislocalinformation.

Let k;(v) denotethe knowledg of vertex v at the start
of timestepi. We requirethatko(v) be computedby a de-
terministicfunction of thelist of neighborsof vertex v, the
capacityof eachedgeincidentuponv, h(v), andw(v). (Op-
tionally, we might expandthe initial knowledgeof a vertex
to includeadditionalinformationaboutthe graphtopology
or othersimilar information.)

Thedecisionof which tokensshouldbe sentalongwhich
arcsout of a vertex v mustbe madeentirely using current
knowledgeof a vertex. Thatis, at timestepi, for ary edge
(v1;V2), S;(v1; v2) mustafunctiononly of k;(v). If wewish
to allow randomizedalgorithms,s; may be a function of
k;(v) andthe outputof a randomnumbergeneratarbut no
otherinformation.

Theknowledgeof eachvertex maychangeateachtimestep
asit learnsinformationfrom its neighbors We requirethat
ki+1 (v) becomputabléy adeterministidunctionthattakes
asinputonly:

e Previousknowledgek;(v).

¢ Knowledgeacquiredfrom neighborsk;(u) whereei-
ther (u;v) € E or (v;u) € E. We allow information
to travel bidirectionallyalonganedge sinceevenif an
edgeis only unidirectional,it may be usefulto send
“want” informationbackto the sender



¢ If arandomizedlgorithmis usedthebehaior of node
v andits neighborsattheprevioustimestep (For deter
ministic algorithms this is not needechsthe behaior
of eachvertex on the previous timestepcanbe com-
putedfrom knowledgerecevedfrom it.)

Questionghatmaybeaslkedaboutthelocal-decisiorprob-
leminclude:For agivenlocal-decisioralgorithm,will all to-
kenseventuallybe distributedto verticesthatwantthem?If
s0,is therea boundthatcanbe givenfor thetime taken,rel-
ative to the optimal solution (with global knowledge)?Can
ary lower boundsfor the additionaltime requiredbe made
thatareindependenof thealgorithmchosen?

4.2 Non-optimality in the local case

The performanceof on-line algorithmsis typically mod-
eledusingcompetitive analysig17], wheretheperformance
of the on-line variantis comparedo thatof anoptimal pre-
scientalgorithmon ary sequencef events(in our case set
of tokensT, sourced(v), andreceversw(v)).

We obsene thatit will not, in general be possiblefor a
local-decisionalgorithmto performaswell asthe optimal
solutionto FOCD. It is possiblefor anon-line algorithmto
always performwithin anadditive factorof the diameterof
the graph,however, sincewith this mary stepsat the start
of computationfull informationaboutthe stateof thegraph
canbe propagatedo eachvertex. Armed with this knowl-
edge,eachvertex can computean optimal solution for the
entiregraph(deterministically) thenfollow this scheduldo
distribute the tokens.We arehopefulmoresophisticatedp-
proximationsmay exist, but it is cleartheir ef ciency must
dependon thecharacteristicef thegraph.

THEOREM 4. Thek existsno c-competitiveon-linealgo-
rithm for FOCD for any xed constantc.

Dueto spaceconstraintsye provide only a brief sketchof
theproof. Considethesituationof two maximally-separated
verticesin which one hastokensthat the otherrequires.If
the sendehasmary tokensthatthe recever doesnot want,
thensimply sendingout tokensin the hopesthey areuseful
cannotspeedup the solutionbeyondwaiting to hearknowl-
edgeof whichtokensareneededA similarargumentcanbe
madefor the EOCD problem,but the bounddepend®n the
bandwidthcostof sendingknowledge.

5. EVALUATION

Giventhe compleity of the of ine problemandthe lack
of provably competitve online approximationalgorithms,
we insteadconsiderthe empirical performanceof several
heuristics We designbothglobal(of ine) andlocal (online)
heuristics andsimulatetheir performancever a numberof
interestingcases.

5.1 Heuristics

We beagin by consideringseveral straight-forward heuris-
tics for theonline problem.

Round Robin The round-robinstratgy simply sendsthe
circular queueof tokensover eachlink (skippingto-
kensit doesnothave). Thisis thesimplesbof theheuris-
tics,andcaneasilybe computedocally asnoinforma-
tion otherthanthe setof tokenskeptlocally andthe

lasttokensentto eachpeer While simple,this stratgy
suffersfrom sendingokensmultipletimesto peersand
of duplicatingsendghatotherpeershave alsosent.

Random We next move on to a basicrandomheuristic.In
thisheuristicwe assumehatpeershave currentknowl-
edgeaboutthe tokensknown by eachof their peersat
the beginning of the turn. Eachvertex thenindepen-
dently choosesat randomwhich tokensto sendover
the edge.How a vertex would know this information
is animplementatiorproblem,but it is reasonabldo
believe that peerscan communicatethis information
atthegranularityof aturnwith goodaccurag. Further
explorationmayalsorelaxthisrequirementinsteadal-
lowing peersto know aboutthe state’k' turnsago of
their peers.

Local Thedesignof ourlocalheuristicis basednthecom-
monly proposedotionof “rarestrandom’. Rarestan-
dom is often usedin multicast ooding becausepy
diversifying the set of tokensknown by variousver-
tices,they cansharehemwith eachotherfor increased
bandwidth.To effectrarestrandom,we thereforehave
to make someassumptiorabouta vertex's knowledge
of rarity. For simplicity, we have assumedhatat every
time step,the steps initial aggregateneedandknowl-
edgearedistributedto all vertices.This could be im-
plementedby a multicasttree, but the detailsof such
areignoredat presentthoughwe recognizethe poten-
tial needto supportadelayin theaggreyateknowledge
known. To avoid the problemwheretwo peerssendthe
same‘rare” block in the samedirection,our heuristic
subdiidesavertex's needdo their peersThisis anal-
ogousto arequesfor blocks.A nal noteaboutrarest
randomis that prior work typically considersall re-
ceiverswantingall les, soonly oneaggreyatevector
is neededTo handlethegeneraproblem wedistribute
bothaggreyatesof whatverticeswvantandwhatthey do
not have.

Bandwidth Oneproblemwith theaforementionetechniques
is that they are constructedwith no concernfor the
bandwiththey consumeandarealwayscontento ood
dataacrossary link whereit canincreaseknowledge.
As a result, we developedan online heuristic, albeit
with global knowledge,which more cautiouslyadds
tokensto amove. This bandwidthheuristicis designed
on the principle that eachvertex shall obtainfrom its
peersin its next turn only tokensthatit will eventually
use.We thendeterminewhethera vertex will usethe
tokenby i) if it needghetoken,or ii) if it is the clos-
estone-hop-knavledgevertex to a nodethat needsit.
A one-hop-knwledgevertex is onewhich for a given
token,couldobtainthetokenin a singleturn giventhe
opportunity

Turningto globaltechniqueswe considethegenerakase
of thelocal heuristicdescribedabove.

Global In additionto theaggreyatevector verticeshave the
ability to coordinateacrosseachotherateachtimestep
to ensurethat they maximize diversity. This also al-
leviatesthe needfor verticesto requesttokensfrom



other verticessincethereis global coordination.Our
implementatiorof this techniqueappliesa greedyse-
lectionalgorithmoverthe setof tokensandedgesand
is thusnot guaranteedo maximizediversity. This de-
cision was madeto allow the heuristicto function at
large scale,andwe are currently consideringwaysto
improve our greedyalgorithm.

In the of ine case,regardlessof the algorithm usedto
computea schedulepncea satis ng schedulds found, we
can go back and prune ary unnecessarynoves, reducing
thebandwidthconsumptionPruning rst removesall moves
that deliver a tokenrepeatedlyto the samevertex, andthen
works backfrom thelastmove to the rst, removing moves
thatdelivertokenswhichwereneverusedby thedestination
vertex.

Finally, in an effort to efciently computeperformance
boundsfor ouralgorithmsonlargegraphswe developlower
boundapproximationgor bothremainingtimestepsandre-
mainingbandwidth. Theremainingbandwidthalgorithmwe
useis very simple,countingevery token thatis wantedbut
notknown ateachvertex. Logically thisrepresenttheband-
width thatwould beconsumedf thescheduleouldbecom-
pletedin a single timestep.The remainingmove countal-
gorithmis a bit morecomplicated We de ne M ;(v) asthe
numberof moves vertex v would needto retrieve all to-
kensif all tokenswithin aradiusof i couldberetrievedin i
timestepsThis boilsdownto i + |T ¢ (*)|=indegr ee, where
|T < ()| is thenumberof tokensoutsidethe closurearoundv
of aradiusof i. We thentake the maximumof all valuesof
i. While not a tight bound,this approximationcanaccount
bothfor tokensthataretoo far away to beretrieved quickly
andtokensthatcannotberetrievedfastenoughdueto alim-
ited incoming capacity Additionally, we alsoconsiderasa
specialcaselooking aheadonetimestep,sincewe canim-
mediatelycomputehow mary tokenscanbe retrievedin a
singletimestep.

5.2 Single file

We begin ourevaluationby applyingour heuristicgo single-

le contentdisseminationgonsideringhow graphsizeand
recever densityaffect distribution. For the single- le case
we considebothrandomgraphsandtransit-stutgraphggen-
eratecby the GT-ITM topologygeneratarFor thesingle le
results,we are consideringa le of 200 tokens,and edge
weightschosenrandomlybetween3 and 15 tokens.These
assignmentare arbitrary but chosento capturethe variety
of realvertex connectedness.

Graph size First we considerthe numberof movesand
bandwidthusedwhena singlesourcedistributesa le to all
vertices.In this casewe run with graphsfrom 20 to 1000
vertices,randomly adding edgeswith uniform probability
2 In n=n. At this probability, thenumberof edgesn thegraph
growsasO(n In n), which maintainsreasonableonnected-
nessWe generataseveralinstance®f thegraphfor eachsize
graph,andrepeaiur heuristics3 times’ for eachgraph.

Figures2 and 3 shav that the numberof movesneeded
doesnot correlatewith the numberof vertices.The number
of movestaken for ary particulargraphseemsto be more

2The variation of the interesting heuristics is very small, typically at most 1 move.

dependentipon the actualconnectvity of the graphsand,
in particular their randomedgeweights.As mentionedwe

have chosernthe edgeconnectiorthresholdto keepthe con-
nectvity atalevel to supportevendistribution asgraphsize
grows. On the otherhand, the bandwidthconsumedyrows
roughly linearly with the numberof verticesof the graph.
We alsoclearly seethat the round robin technique though
successfulis muchslowerthanthe othertechniqueshatac-
countin oneway or anotherfor whattheir peershave, and
that the bandwidthheuristicis slower thanthe otherswhen
all nodeswanteverything,andalsodoesnotdemonstratary

sasingswhencomparedvith random Furthermorefrom the
perspectie of the numberof movesandbandwidth random
performswithin a constantfactorof the smarterheuristics.
This caseof all verticeswantingall les is uniquehowever,

sincenobandwidthis wastedaslongastokensarentre-sent.

Receiverdensity The single-sourceall recever problem
is the mostcommonone from the systemscurrently being
built. Its inclusion demonstratetiow though ooding is a
robust solutionto disseminatecontent,dueto the circum-
stancest is exemptfrom bandwidthwaste.But we expect
thatwhen ooding to a setof peerswho do notwantthe le
it will usefar morebandwidththannecessary\e measured
this using a single source,single le distribution over 200
nodesthat were addedto the want setdependingon their
randomly generatedscore.We performedthe sameexper
iment with both randomand transit-stubgraphs,but have
only includedrandomsinceasbeforeit is representatie of
both.

Figure4 shavs theresultof this experimentbothin terms
of bandwidthand numberof moves. On the x-axis is the
scorethresholdthat we usedto addthe verticesto want set
with. Whatwe seefrom theseresulsis that randomcontin-
uesto do well with respecto numberof moves,but is now
roughly doublethe otherheuristican bandwidthconsumed.
Also we note that the bandwidthconsumedand the num-
ber of movesis roughly constanfor the ooding heuristics
so they are not taking advanageof the smallernumberof
verticesthat want the tokens..By constrastthe bandwidth
optimizing heuristic,which is slower thanthe othersby a
smallpercentageakesmuchlessbandwidththanall heuris-
tics whenthe thresholdis small, and continuesto useless
bandwidththanrandomuntil the thresholdreturnsto 1. Fi-
nally, the prunedbandwidthof the heuristicds roughlyopti-
mal,anddemonstratelsow the ooding runsnearlythesame
regardlesof how mary nodeswantthe le.

5.3 Multiple files

Numberof les. Themulti- le scenariovasdevelopedby
startingwith 200verticesand512tokensat a singlesource.
Initially, all verticeswantedall 512tokens(1 le). Then,we
subdvide both the le andthe vertices,and then eachset
of 100 nodeswantedl of the 2 les, containing256 tokens
each.Thissubdvisionprocesss repeatedintil thereare128
les of 4 tokenseachwhich arewantedby 1 or 2 vertices
each Whatremainsconstanecrosghis graphis thenumber
of tokensthat needto be distributedfrom the singlesource.
As before the edgeweightsarechoserat randomfrom 3 to
15. Givenour earlierobsenation abouttransit-stubgraphs,
we continueto presentesultsfrom randomgraphsonly.
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In Figure 5, we seethat after an initial large descentin
numberof movesdueto the numberof tokensbeingsentto
abottleneckvertex, nearlyall heuristicdevel off. Giventhat
their bandwithconsumptions alsoroughly even, this sug-
geststhatonceagainthey areperformingthe samedistribu-
tion regardlessof how the les arebrokenup (i.e., sending
all tokensto all nodes).Furthermoreyandomcontinuesto
performwithin aconstanfactorof theother ooding heuris-
tics, thoughits separationis now more pronouncedHere,
only thebandwidthheuristicvariesandimprovesasthe les
needto goin moreconstrainedlirections thoughevenatits
bestit still takesasmary turnson this graphasthe ooding
protocols However, bandwidthis substantialljlower, track-
ing both the lower boundaswell asthe prunedversionsof
the ooding heuristics.

Multiple sendes. The multiple-sendeis an adaptatiorof
thenumberof les scenaricabore wherethe sourceof each
le wasrandomlychoserfrom the setof verticeswhich did
notwantit. Figure6 closelymimicsthe Figure5, sowe can
obsene the sametrendswhetherthe les begins at a sin-

gle placeor multiple places.This alsodemonstratethatal-
thoughin the distributed le casethe numberof tokensper
sourcevertex have decreasethesamerendin heuristicsoc-
curs.

6. CONCLUSION

In this paper we formalize the overlay network content
distribution problem,a problemwith applicabilityto awide
varietyof recentefforts. Currently effortsinto building faster
morereliable, lower lateng, etc. overlaysarelimited by a
lack of understandingf theboundsavailablein a givensce-
nario for a given problemformulation. We shav that the
problemis NP-completeandpresennumberof globaland
online heuristicsfor a numberof problemvariantsandnet-
work topologies Of coursethereareanumberof interesting
problemvariantsnot exploredby our work. We list several
here.

Changingnetwork conditions.We can considerthat the
capacityof eacharc,or eventhesetof arcsthemseleschanges
betweerturns.By restrictingthe typesof possiblechanges,
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this could modelcrosstrafc, dynamicchannelconditions,
intermittentmobility, or evendenial-of-servicattacks.One
interestingscenariowould be to constructan on-line algo-
rithm robustto adwersarialnetwork conditionsandto com-
pareits behaior to onewith accesso anetwork oraclewith
perfectknowledgeof currentandfuturenetwork conditions.
Encoding In our problem,we considera static setof to-
kens.While we admit duplicationof tokens,no new types
of tokensaremintedwithin the network. In thefaceof lossy
channelsjt may be usefulto introduceredundang into the
systemby generatingnultiple sub-tolens,only a subsetof
which arenecessaryo reconstructhe original token. While
suchcoding of the contentcould introducesigni cant ad-
ditional degreesof freedomin formulatingviable solutions,
determiningooundsmay becomemoredif cult aswell.
Arrivals and departues.In ary real system participants
areunlikely to join simultaneouslyinstead the setof nodes
in the network will vary with time, andthe contentschedule
shouldadaptto the changingdistribution of token demand.

This variantmaybeviewedasaninstanceof the“Changing
network conditions”with capacitieso and from particular
nodesgoing from zeroto non-zeroand backdependingon
whethera nodeis arriving or departing.
Realistictopolagies. In our work, we consideronly the
overlaytopology andnot the physicallinks makingup our
logicallinks. We arelikely ignoringthe reality thatmary of
our logical links sharethe samephysicallink, hencetheir
capacitiesare not independentTo properly modelthis, we
needto take into accountphysicallinks androuters,which
do not participatein overlayforwarding,insteadsimply for-
wardingthe pacletsalongto a speci ed overlaynode.
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Figure 7: A graph in the Dominating Set problem and
the correspondingreductionto FOCD.

APPENDIX

THEOREM 5. TheFastOverlayContentDistributionprob-
lemis NP-had.

PROOF. We give a reductionfrom the Dominating Set
problem,which is known to be NP-complete[6]. Briey,
the DominatingSetproblemis to determine givena graph
G = (V; E) andintegerk, whetherthereexistsasetD C V
of sizeatmostk suchthateveryvertexin V — D is adjacent
to somevertexin D.

GivenG = (V; E) andk, we constructa FOCD problem
whichwill decidewhetherthegraphG hasadominatingset
of sizeatmostk. Letn = |V|. We will distributetwo les,
consistingof tokens{0} and{1;2;:::;n — k}. Thegraph
for le distribution will consistof 2n + 2 vertices;if V =

k}, andevery othervertex v, wants{0}. The verticesin V
act as intermediariesn distributing the tokens. Thereare
arcss — v, of capacityonefor eachv; € V, andsimi-
larly arcsv; — t for eachv;. Finally, thereis anarcv; — v,
for everyv; € V, andv; — V/ for eacharc (v;;v;) € E.
Thisreductionis illustratedin I‘—Zigure7.

This givesa mappingreductionfrom the DominatingSet
problemto FOCD; Thereis adominatingsetof sizek if and
only if the FOCD problemcanbe solvedin two timesteps.
Note thatif G hasa dominatingsetD of sizek, thenthe

le distribution problemmaybesolvedin two time stepsby
sendingthe verticesof thedominatingsetD token0 onthe
rst time step,andtheremaining(n — k) verticesnV — D

may receve 0 from eitherv; if v; € D, orv; € D where
(vi;v;) € E.

Corverselyif it is possibleto distribute all tokensin two
steps,then (n — k) verticesfrom V mustreceve tokens

verticesfrom V receve 0. Sincethesek verticesmustsend
token 0 to all of V’, they mustcorrespondo a dominating
set. [



