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ABSTRACT
Due to the lack of deployment of a network-layer multi-
cast service,many overlay multicast protocolshave been
designedand deployed acrossthe Internetto supportcon-
tentdistribution.To ourknowledge,however,nonehavepro-
videdarigorousanalysisof theproblemor theeffectiveness
of their proposedsolutions.Here,we setasidetheengineer-
ing challengesof protocoldesignto focuson thefundamen-
tal graphproblem.

We begin by formulating the Overlay Network Content
Distribution (OCD) problemandshow thatvariantsthatat-
tempt to optimizefor eitherspeedor bandwidthutilization
are NP-complete.Using both a time-indexed Integer Pro-
gramanda branch-and-boundsearchstrategy, we calculate
optimalsolutionsfor smallgraphs.While solutionsto OCD
provideperformancebounds,realisticdeploymentscenarios
will not have globalnetwork information.Hence,we intro-
duceanon-linevariant,theLocal-knowledgeOverlayCon-
tentDistribution(LOCD)problemandshow thatnoconstant-
competitive approximationexists. Instead,we presentsev-
eral heuristicsthat performwell in realistictopologies.We
concludewith anevaluationof our globalandlocal heuris-
ticsandenumerateanumberof openproblems.

1. INTRODUCTION
Recently, therehasbeentremendousinterestin building

cooperativecontentdistributionnetworkstodeliverdataamong
a groupof nodesspreadacrossa wide-areanetwork. There
aremultipledegreesof freedomin de�ning theproblem,in-
cluding:i) thenumberof senders,ii) thesubsetof dataeach
receiver is interestedin, andiii) whetherthecooperationis
meantto be one-shotor long-lasting.Similarly, therearea
variety of goalsfor suchsystems.The mostcommongoal
is to improve performance,i.e., to remove the bottleneck
associatedwith a single sourceattemptingto disseminate
contentto a largenumberof receivers.Othertargetmetrics
includefairness(ensuringthat nodescontribute roughly in
proportionto oneanother),reliability, andper-objectlatency.
Evenfor thebaselinegoalof maximizingperformance,there
aremultiple variantsincluding minimizing averageperfor-
mance,worst-caseperformance,andthe total global band-
width requiredto achievea performanceobjective.

Giventhevery largespaceof reasonableproblemformu-
lations, combinedwith the peculiaritiesof Internet graph
structures,varyingbandwidthandlatency characteristics,fail-
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ures,andTCPcongestioncontrolbehavior, it is not surpris-
ing thattherehavebeenasigni�cant numberof distinctpro-
posedsystemarchitectures,eachwith a particularvariation
on theproblemstatementandwith a particularsetof bene-
�ts [2, 3, 4, 5, 9, 11,12,16,18,19].

Perhapssurprisingly, however, therehasnot beena pre-
ciseformulationof theunderlyingproblemthatis beingad-
dressedand,hence,nounderstandingof how aparticularso-
lution comparesto calculatedupper/lower bounds(depend-
ing on the exact formulation)for the problem,eitherexact
or approximatedbasedonavailableheuristics.For example,
in our own work on comparingtheperformanceof a variety
of contentdistribution systemsundera varietyof emulated
anddeployednetwork settings[10], we haddif�culty argu-
ing how well weweredoingrelativeto how well anysystem
couldperform.

Thus,thegoalof thispaperis to formally de�ne theOver-
lay NetworkContentDistribution (OCD)problemandshow
how our problemformulationcanbe generalizedto a wide
rangeof existing andpotentialscenariosbeingactively pur-
suedby theresearchanddevelopmentcommunity. We also
show that the problemis NP-completeand,that while it is
similar to a numberof well-known problemsin the theory
community, detailsof thedeploymentscenariomake it dis-
tinct from the problemsof which we are aware. In partic-
ular, nodesmay duplicateindividual items along multiple
outputlinks andthedistribution structureis not necessarily
restrictedto a treebut maytake on anarbitrarymeshof in-
terconnectivity overanunderlyinggraph.

As a startingpoint for understandingthebehavior of this
problem,we developa simplealgorithmandanintegerpro-
grammingformulationtocalculateoptimalbehavior for small
graphswith few �les. We also develop a global heuristic
to provide approximateanswersfor largerproblemsettings
andon-lineheuristicsthataremoreamenableto translation
to deploymentin realisticlarge-scalenetwork environments.
Finally, we calculatebounds(not necessarilytight) to pro-
vide a rough notion of the quality of our local andglobal
heuristicsin a rangeof scenarios.

Wehopethatourformulationof theOverlayNetworkCon-
tent Distribution problemwill lead to subsequentapproxi-
mationalgorithmsthat can,for instance,guaranteeapprox-
imationswith boundederror in realistsettings,perhapsby
mappingthe problemto otherknown settings.Further, we
believe that our �ndings regardingthe behavior of a vari-
ety of heuristicshave potentialimplicationsfor how next-
generationoverlay contentdistribution networks shouldbe
architectedanddeployedaswell aswhethersigni�cant per-



formanceimprovementsarestill availablerelativeto agiven
implementationandsystemarchitecture.

Therestof this paperis organizedasfollows.We begin in
Section2 with a survey of relatedwork. Section3 formally
de�nes the problem,aswell asproviding hardnessresults.
We considertheon-lineformulationin Section4. Section5
details the performanceresultsof our heuristics.We con-
cludein Section6 with abriefenumerationof openproblems
in thisspace.

2. RELATED WORK
Overlay contentdistribution hasreceived a greatdealof

attentionover the past few years.In general,overlay net-
worksconstructasingledistributiontopology—traditionally
a spanningtree,but morerecentlymesheshave comeinto
favor—which they thenuseto forward traf�c from source
to destination.Systemshave focused,with varyingdegrees,
on constructingtopologiesthatreducebandwidthconsump-
tion,distributionlatency, or dataloss.Wearenotconsidering
lossychannelsor nodefailureshere,sowe will restrictour
survey to systemsthatfocuson the�rst two.

Overcast[9], oneof the�rst overlaysystemsproposed,at-
temptsto constructa bandwidth-optimizedoverlaytree.An
incomingnodejoins at thesourceandprobesfor acceptable
bandwidthunderoneof its siblingsto descenddownthetree.
Obviously, a node'sbandwidthandreliability is determined
by network characteristicsbetweenitself andits parent.

In an attemptto improve distribution speed,Narada[5]
�rst constructsa bandwidthandlatency-sensitive meshbe-
tweenall nodesbasedonak-spannergraph.Usingtheinter-
nodecharacteristicsgatheredfrom themesh,Naradaselects
per-sourcespanningtreesfor forwarding data.Snoerenet
al. [18] ignorebandwidthcosts,andfocuson reliablelow-
latency deliveryby constructingameshconsistingof k edge
andnodedisjointspanningtrees.Youngetal. [19] construct
anoverlaymeshof k edge-disjointminimumcostspanning
trees(MSTs).Thealgorithmfor distributedconstructionof
treesusesoverlay link metric informationsuchas latency,
lossrate,or bandwidth.

SplitStream[3] aimsto constructaninterior-nodedisjoint
forest of k Scribe[15] treeson top of a scalablepeer-to-
peersubstrate[14]. Thecontentis split into k stripes, each
of which is pushedalongoneof the trees.This systemac-
countsfor physicalinboundandoutboundlink bandwidthof
a nodeto determinethe numberof stripesa nodecanfor-
ward.In CoopNet[12], thesourceof themultimediacontent
computeslocally randomor node-disjointforestsof treesin
a mannersimilar to SplitStream.Thetreesareprimarily de-
signedfor resilienceto nodedepartures,with network ef�-
ciency asthesecondgoal.Similarly, theFastReplica[4] �le
distribution systemalleviatesthe overlay tree's problemof
relianceona singlenodefor high bandwidthdissemination.
Thesourceof a�le dividesthe�le into n blocks,sendsadif-
ferentblock to eachof the receivers,andtheninstructsthe
receiversto retrievetheblocksfrom eachother.

A popularalternativetostructuredcontentdistributionover-
lays,BitTorrent[2] usespeer-to-peercommunicationto dis-
tribute large �les on the Internet.Incoming nodesrely on
a centralizedtracker to provide themwith a list of existing
systemparticipantsandsystem-wideblock distribution for

randompeering.No attemptis made,however to provide
optimal bandwidthor latency guarantees.Slurpie [16] im-
provesupontheperformanceof BitTorrentbyusinganadap-
tive downloadingmechanismto scalethenumberof peersa
nodeshouldhave.

Kostíc et al. recently proposedan improved versionof
Bullet [10, 11] thatoutperformspreviousoverlaysystemsin
termsof downloadtime.In doingso,they consideranumber
of engineeringtradeoffs commonto overlaysystems.Some-
whatsurprisingly, however, neitherthey noranyoneelsethat
we areawareof have rigorouslyformulatedor analyzedthe
underlyinggraphproblem.The �le distribution problemis
related,however, to severalclassicalproblemsin operations
research.

Perhapsthe most fundamentalis the well-known trans-
portationproblem,in which goodsaremanufacturedin par-
ticular locations,andneedto be deliveredto consumersin
otherlocations.Giventhecostof transportationbetweenany
two cities,thechallengeis to �nd anassignmentof suppliers
to consumersof minimal costthatsatis�esdemand.

Thetransportationproblemis aspeci�c instanceof aclass
of problemsknown asnetwork �o w. Network �o w consid-
ersa weighted,directedgraphwith a sourceanda sink,and
computesthe maximum�o w ratefrom sourceto sink sub-
jectto edgecapacities(weights).Many generalizationsexist,
includingmulti-commodity�o ws, andgeneralizednetwork
�o w, whereedgesareallowedto havea gain:therateof the
�o w leaving an edgeis a linear factorof the �o w entering
theedge.Thede�ning constraintof anetwork �o w problem,
however, is thenotion of �o w conservation: thesumof the
�o w leaving a nodemustbeexactly equalto thesumof the
�o w enteringthenode.This is clearlynot thecasein oursit-
uation,asincomingdatacanbebothstored1 andduplicated.

The overlaycontentdistribution problemis further com-
plicatedby thefactthatdatais notquitelikewater:eachdata
elementis distinct, anda nodecannotforward a particular
pieceof datauntil it hasbeenreceived.Similar precedence
relationshavebeenconsideredin thecontext of theclassical
machineschedulingproblem,wherethetaskis to completea
givensetof jobsin theshortestamountof time,subjectto re-
leaseconstraints.Theproblemhasbeenextendedto network
scheduling,whereeachjob originatesatsomenetwork node
but canbeprocessedatothernodesin thenetwork.Movinga
job betweenmachinesincurssomelatency however, andthe
goal is to reducetotal completiontime [13]. Unfortunately,
thereis no notionof 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
theseproblemsassumeacircuit-likeconstruct,whereanedge
canbe assignedsomenumberof circuitsat a time, andthe
taskis toschedulegivencallsasef�ciently aspossible.Again,
there is no notion of storageor duplication.Recentwork
by Goelet al. studiestheso-calledonlineFTPproblem[7],
whichis aninstanceof themoregeneralsetschedulingprob-
lem.Unfortunately, they tooconsider�o wsassingle-source,
single-receiver, anddo not dealwith the notion of replica-
tion.

1We note that storage is not hard to model in the traditional network flow sense: simply
add self-edges of infinite capacity at each node.



3. PROBLEM DESCRIPTION
We begin by describingthegeneralizedsystemmodelwe

will useto formulatethe overlaycontentdistribution prob-
lem andits variants.We assume,without lossof generality,
thatall contentis in theform of unit-sizedtokens; �les canbe
representedassetsof tokens.Tokensstartoutatoneor more
nodes(senders),andthegoal is to transferthemto a differ-
ent setof nodes(receivers).For thepurposesof this paper,
we will assumeall nodesin thenetwork areoverlaypartici-
pants;hence,they canstore,forward,andduplicatetokensat
will. We alsoassumethenetwork is private:link capacities
areconstant,no tokensarelost,andlatency doesnotchange
with load—any numberof tokens,up to thecapacityof the
link, canbetransferredacrossa link in unit time.

3.1 General model
Theinputis asimple,weighteddirectedgraphG = (V; E ),

a set of tokensT, and two functionsh : V → 2T and
w : V → 2T . Here,2T denotesthe power set of T . Let
c : E → N denotethefunctionwhich givestheweight(ca-
pacity)of eacharc.(Notemulti-arcscanberepresentedasa
singlearcwhosecapacityis thesumof themulti-arcs.)The
h (have) functiondenotesthesetof tokensthateachvertex
in the graphinitially possesses.The w (want) function in-
dicateswhich tokenseachvertex would like to eventually
possess.

We will de�ne a move as an assignmentof a token to
an arc, and a timestepto be a set of simultaneousmoves.
A distribution schedule(or simply schedule) proceedsasa
sequenceof timesteps.At eachtimestep,the numberof to-
kensthatmaybeassignedto anarcis limited by its capacity
c(u; v), anda tokenmayonly besentby a vertex if thatver-
tex possessesacopy of thetokenat thestartof thetimestep.

More formally, let t ∈ N denotethe lengthof a schedule
(numberof timesteps).Thescheduleis de�ned by a collec-
tion of functionssi : E → 2T , where0 ≤ i < t; thefunction
si givesthesetof tokensthataresentacrossarc(u; v) dur-
ing timestepi . For ascheduleto bevalid,wemustbeableto
constructa setof functionspi : V → 2T for 0 ≤ i ≤ t that
specify which tokensa vertex possessesat eachtimestep.
Thescheduleis subjectto thefollowing restrictions:

pi(v) =
⋃

u∈V :
(u,v)∈E

pi−1(v) ∪ si−1(u; v)

p0(v) = h(v) (Initial assignment)
|si(u; v)| ≤ c(u; v) (Capacity)
si(u; v) ⊆ pi(u) (Possession)

A distribution scheduleis said to be successfulif w(v) ⊆
pt(v) for all verticesv ∈ V . There are two obvious in-
terestingcharacteristicsof successfulschedules:how many
timestepsthey contain,andtheir total bandwidthconsump-
tion (how many tokensaretransferredacrossanarc; this is
equivalentto thenumberof moves).

3.2 File distribution times
De�ne theFastOverlayContentDistribution(FOCD)prob-

lemasdeterminingasatisfyingdistributionscheduleof min-
imum length, � . The problemis satis�able if thereexists

some� for which this is true.TheDecisionalFastOverlay
ContentDistribution(DFOCD)problemtakesasinputaFast
OverlayContentDistributionproblemandaninteger� ∗, and
determineswhethertheOverlayContentDistribution prob-
lemis satis�ablein � ∗ steps.Here,� canbethoughtof asthe
maximumcompletiontime over all downloads.This metric
is oftenreferredto asmakespanin theschedulingliterature.

Beforeproceedingto othermetrics,webrie�y considerthe
dif�culty of FOCD.For thepurposesof discussingproblem
sizes,let n = |V | andm = |T |.

THEOREM 1. If an instanceof FOCD is satis�able, it is
satis�able in m(n − 1) moves.

PROOF. Supposewearegivensomesuccessfulrunfor an
FOCDinstance.No usefulwork is accomplishedif a vertex
receivesa copy of a tokenit alreadypossesses,soany such
movescanberemoved.Therearen verticesandm tokens,
eachof which is initially possessedby at leastonevertex, so
thereareonly m(n − 1) possiblemovesthatmight bemade
afterourabovecleanup.

Corollary:Any satis�ableinstanceof FOCDmaybesatis-
�ed in m(n − 1) steps(in theworstcase,only asinglemove
is madeat eachtimestep).

THEOREM 2. If an instanceof FOCD is satis�able, then
thereexistsa successfulrun thatcanbedescribedin O(nm ·
(log n + log m)) bits.

PROOF. This follows from the previous theorem.As re-
marked,thereis a scheduleconsistingof at mostm(n − 1)
moves.Eachmove canbe describedby listing a token and
thearc to move it across.This informationcanbe encoded
with 2 log n+log m bits(thereareatmostn(n−1) arcs).The
sequenceof movescanbesegmentedinto timestepsby giv-
ing alist of thenumberof movesthatmakeupeachtimestep,
in log(nm) bitssincetherearenomorethanm(n−1) moves
per timestep.In total, the descriptiontakesO(nm(log n +
log m)) bits asclaimed.

THEOREM 3. FOCD is NP-complete.
PROOF. We needto show both that FOCD is NP-hard,

andthat a solutionto FOCD canbe veri�ed in polynomial
time.For any instance(G; T; h; v) of FOCD,we saw above
that thesizeof a solutionto theFOCDproblemconsistsof
nomorethanO(nm(log n+log m)), whichis polynomialin
n andm. It is easyto seethatvalidity of eachmove(thatthe
token is presentat the source)canbe testedin polynomial
time, ascanarccapacityandthestartingandendingcondi-
tions. In theappendix,we show FOCD is NP-hardby con-
structingareductionfor theDominatingSetproblem,which
is known to beNP-complete.

3.3 Bandwidth constraints
Ratherthan focusingentirely on speed,we can instead

considertheminimumbandwidthnecessaryto distributethe
tokensto thesinks.If we considersendingonetokenalong
one edgeto take one unit of bandwidth,then �nding the
minimum-bandwidthdistribution scheduleis only a small
modi�cation: that is, �nd a distribution schedulesubjectto
thesameconstraintsasbefore,but try to minimizethenum-
berof moves ∑

0≤i<t
(u,v)∈E

|si(u; v)|
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Figure 1: A graph in which minimizing the time taken
and the bandwidth required are at odds.The minimum
time scheduletakes2 timestepsand uses6 units of band-
width; a minimum bandwidth scheduleuses4 units of
bandwidth but takes3 timesteps.

ratherthanthenumberof timestepst. We call this problem
theEf�cient OverlayContentDistribution(EOCD)problem.
Notethatsimultaneouslyminimizingthenumberof timesteps
andthebandwidthusedis not alwayspossible;thegraphin
Figure1 illustratessuchacase.

It is straightforwardto seethatEOCDreducesto thegen-
eralizedSteinertree problem,which is known to be NP-
complete[8]. To distribute any token using the minimum
bandwidthis to distribute it along the min-cost tree from
its source(s)to all nodesthatwant that tokenwith unit-cost
edges.If we do not careaboutnumberof timesteps,then
optimalbandwidthcanbeachievedby distributing eachto-
ken serially over the Steinertree to the nodesthat want it.
(It is a small adaptationto the traditionalSteinertreeprob-
lem to handlethe casewherea token is initially at multi-
plevertexes:augmentthegraphwith 0-costarcsbetweenall
verticesthatinitially have thetoken).Thereforeit is a series
of Steinertreeproblemsthat, in the worst case,takes2nm

timesteps.

3.4 Integer programming formulation
We now constructa time-indexedintegerprogramthatat-

temptsto provide a solutionto EOCD. First, extendgraph
G by addinga self-arcat every vertex. That is, E ′ = E ∪⋃

v∈V (v; v). Createavariablexi
(u,v)t for eacharc(u; v) and

tokent at timestepi . Let wvt = 1 if t ∈ w(v), 0 otherwise.
We arenow interestedin thesolutionto:

Min
∑

0<i≤τ
(u,v)∈E,t∈T

xi
(u,v)t

subjectto:
xi

(u,v)t ≤
∑

v∈V :
(u,v)∈E0

xi−1
(u,v)t

∑

t∈T

xi
(u,v)t ≤ c(u; v) ∀i ≤ � ; ∀(u; v) ∈ E

xτ+1
(v,v)t ≥ wvt

xi
(u,v)t ∈ {0; 1}

wherethe initial conditionsaregivenby x0
(v,v)t = 1 if t ∈

h(v), 0 otherwise.It is easyto seethatany solutionto theIP
is a solutionto EOCD.For any solutionto IP, de�ne

pi(v) =
⋃

t:xi +1
(v ;v )t =1

t; si(u; v) =
⋃

t:xi
(u;v )t =1

t:

In realisticsituations,we will not be interestedsolely in
minimizing time or bandwidth,but ratherto �nd somebal-
ance.Onesuchapproachis tosearchfor abandwidth-optimal
solutionsubjectto the constraintthat the time be no more
thansomeconstantfactorof theoptimal time,or vice versa
(time-optimalsubjectto a bandwidthconstraint).Formaliz-
ing this hybridgoalis asubjectof ongoingwork.

4. ON-LINE APPROXIMATION
Our�le distributionmodelisnotanentirelyrealisticmodel

for how a �le might bedistributed.In many cases,we can-
notexpectto know theentirestateof thesystemat thestart,
soasto constructa globalplan for which tokensshouldbe
sentwhere.A more realisticmodel is to assumethat each
nodemakesa decisionaboutwhich tokensto sendat each
timestepbasedonly on knowledgeit hasacquiredfrom its
neighbors.

Hence,wenow consideranon-linealgorithmthatattempts
to solve themorerealisticproblem.In thiscase,information
aboutwhich tokensareavailableandrequestedis all avail-
ableat thestartof thecomputation,thoughnotknown by ev-
erynode.Weaskfor analgorithmthatcanrunateachnode,
makingonly local decisionsthatwill eventuallyensurethat
all tokensaredistributedwhereneeded.We alsocareabout
how closesuchanalgorithmcancometo achieving theop-
timum distribution time.

4.1 Local knowledge
We formulatetheLocal-knowledgeOverlayContentDis-

tribution (LOCD) problemto capturethis idea. The basic
problemis asbefore,but we formalizethe notion of infor-
mation that canbe known by eachvertex at any timestep,
and requirethat any algorithmonly make decisionsbased
on this local information.

Let ki(v) denotethe knowledge of vertex v at the start
of timestepi . We requirethat k0(v) be computedby a de-
terministicfunctionof the list of neighborsof vertex v, the
capacityof eachedgeincidentuponv, h(v), andw(v). (Op-
tionally, we might expandthe initial knowledgeof a vertex
to includeadditionalinformationaboutthegraphtopology,
or othersimilar information.)

Thedecisionof which tokensshouldbesentalongwhich
arcsout of a vertex v mustbe madeentirely usingcurrent
knowledgeof a vertex. That is, at timestepi , for any edge
(v1; v2), si(v1; v2) musta functiononly of ki(v). If wewish
to allow randomizedalgorithms,si may be a function of
ki(v) andtheoutputof a randomnumbergenerator, but no
otherinformation.

Theknowledgeof eachvertex maychangeateachtimestep
asit learnsinformationfrom its neighbors.We requirethat
ki+1 (v) becomputableby adeterministicfunctionthattakes
asinputonly:

• Previousknowledge:ki(v).

• Knowledgeacquiredfrom neighbors:ki(u) whereei-
ther (u; v) ∈ E or (v; u) ∈ E. We allow information
to travel bidirectionallyalonganedge,sinceevenif an
edgeis only unidirectional,it may be useful to send
“want” informationbackto thesender.



• If arandomizedalgorithmis used,thebehavior of node
v andits neighborsat theprevioustimestep.(For deter-
ministic algorithms,this is not neededasthebehavior
of eachvertex on the previous timestepcanbe com-
putedfrom knowledgereceivedfrom it.)

Questionsthatmaybeaskedaboutthelocal-decisionprob-
leminclude:For agivenlocal-decisionalgorithm,will all to-
kenseventuallybedistributedto verticesthatwantthem?If
so,is therea boundthatcanbegivenfor thetime taken,rel-
ative to theoptimal solution(with global knowledge)?Can
any lower boundsfor theadditionaltime requiredbe made
thatareindependentof thealgorithmchosen?

4.2 Non-optimality in the local case
The performanceof on-line algorithmsis typically mod-

eledusingcompetitiveanalysis[17], wheretheperformance
of theon-linevariantis comparedto thatof anoptimalpre-
scientalgorithmon any sequenceof events(in our case,set
of tokensT, sourcesh(v), andreceiversw(v)).

We observe that it will not, in general,be possiblefor a
local-decisionalgorithmto performaswell as the optimal
solutionto FOCD.It is possiblefor anon-linealgorithmto
alwaysperformwithin anadditive factorof thediameterof
the graph,however, sincewith this many stepsat the start
of computation,full informationaboutthestateof thegraph
canbe propagatedto eachvertex. Armed with this knowl-
edge,eachvertex cancomputean optimal solution for the
entiregraph(deterministically),thenfollow this scheduleto
distributethetokens.We arehopefulmoresophisticatedap-
proximationsmay exist, but it is cleartheir ef�ciency must
dependon thecharacteristicsof thegraph.

THEOREM 4. Thereexistsnoc-competitiveon-linealgo-
rithm for FOCDfor any�xed constantc.

Dueto spaceconstraints,weprovideonly abrief sketchof
theproof.Considerthesituationof two maximally-separated
verticesin which onehastokensthat the other requires.If
thesenderhasmany tokensthat thereceiver doesnot want,
thensimply sendingout tokensin thehopesthey areuseful
cannotspeedup thesolutionbeyondwaiting to hearknowl-
edgeof whichtokensareneeded.A similarargumentcanbe
madefor theEOCDproblem,but thebounddependson the
bandwidthcostof sendingknowledge.

5. EVALUATION
Giventhecomplexity of theof�ine problemandthe lack

of provably competitive online approximationalgorithms,
we insteadconsiderthe empirical performanceof several
heuristics.We designbothglobal(of�ine) andlocal (online)
heuristics,andsimulatetheir performanceovera numberof
interestingcases.

5.1 Heuristics
We begin by consideringseveral straight-forwardheuris-

tics for theonlineproblem.

Round Robin The round-robinstrategy simply sendsthe
circular queueof tokensover eachlink (skipping to-
kensit doesnothave).Thisis thesimplestof theheuris-
tics,andcaneasilybecomputedlocally asnoinforma-
tion other than the setof tokenskept locally and the

lasttokensentto eachpeer. While simple,thisstrategy
suffersfrom sendingtokensmultipletimesto peersand
of duplicatingsendsthatotherpeershavealsosent.

Random We next move on to a basicrandomheuristic.In
thisheuristicweassumethatpeershavecurrentknowl-
edgeaboutthetokensknown by eachof their peersat
the beginning of the turn. Eachvertex then indepen-
dently choosesat randomwhich tokensto sendover
the edge.How a vertex would know this information
is an implementationproblem,but it is reasonableto
believe that peerscan communicatethis information
at thegranularityof a turnwith goodaccuracy. Further
explorationmayalsorelaxthisrequirement,insteadal-
lowing peersto know aboutthe state`k' turnsagoof
their peers.

Local Thedesignof our localheuristicis basedonthecom-
monlyproposednotionof “rarestrandom.” Rarestran-
dom is often usedin multicast �ooding because,by
diversifying the set of tokensknown by variousver-
tices,they cansharethemwith eachotherfor increased
bandwidth.To effect rarestrandom,we thereforehave
to make someassumptionabouta vertex's knowledge
of rarity. For simplicity, wehaveassumedthatatevery
time step,thestep's initial aggregateneedandknowl-
edgearedistributedto all vertices.This could be im-
plementedby a multicasttree,but the detailsof such
areignoredatpresent,thoughwe recognizethepoten-
tial needto supportadelayin theaggregateknowledge
known.To avoid theproblemwheretwo peerssendthe
same“rare” block in thesamedirection,our heuristic
subdividesavertex'sneedsto their peers.This is anal-
ogousto a requestfor blocks.A �nal noteaboutrarest
randomis that prior work typically considersall re-
ceiverswantingall �les, soonly oneaggregatevector
is needed.To handlethegeneralproblem,wedistribute
bothaggregatesof whatverticeswantandwhatthey do
nothave.

Bandwidth Oneproblemwith theaforementionedtechniques
is that they are constructedwith no concernfor the
bandwiththey consume,andarealwayscontentto �ood
dataacrossany link whereit canincreaseknowledge.
As a result, we developedan online heuristic,albeit
with global knowledge,which more cautiouslyadds
tokensto amove.Thisbandwidthheuristicis 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 needsthe token,or ii) if it is theclos-
estone-hop-knowledgevertex to a nodethatneedsit.
A one-hop-knowledgevertex is onewhich for a given
token,couldobtainthetokenin a singleturngiventhe
opportunity.

Turningto globaltechniques,weconsiderthegeneralcase
of thelocalheuristicdescribedabove.

Global In additionto theaggregatevector, verticeshavethe
ability to coordinateacrosseachotherateachtimestep
to ensurethat they maximizediversity. This also al-
leviatesthe needfor verticesto requesttokensfrom



other verticessincethereis global coordination.Our
implementationof this techniqueappliesa greedyse-
lectionalgorithmover thesetof tokensandedges,and
is thusnot guaranteedto maximizediversity. This de-
cision wasmadeto allow the heuristicto function at
large scale,andwe arecurrentlyconsideringwaysto
improveour greedyalgorithm.

In the of�ine case,regardlessof the algorithm usedto
computea schedule,oncea satis�ng scheduleis found,we
can go back and pruneany unnecessarymoves, reducing
thebandwidthconsumption.Pruning�rst removesall moves
thatdeliver a tokenrepeatedlyto thesamevertex, andthen
worksbackfrom the lastmove to the�rst, removing moves
thatdeliver tokenswhichwereneverusedby thedestination
vertex.

Finally, in an effort to ef�ciently computeperformance
boundsfor ouralgorithmsonlargegraphs,wedeveloplower
boundapproximationsfor bothremainingtimestepsandre-
mainingbandwidth.Theremainingbandwidthalgorithmwe
useis very simple,countingevery token that is wantedbut
notknown ateachvertex. Logically thisrepresentstheband-
width thatwouldbeconsumedif theschedulecouldbecom-
pletedin a single timestep.The remainingmove countal-
gorithm is a bit morecomplicated.We de�ne M i(v) asthe
numberof moves vertex v would needto retrieve all to-
kensif all tokenswithin a radiusof i couldberetrievedin i
timesteps.This boils down to i + |T ci (v) |=indegree, where
|T ci (v) | is thenumberof tokensoutsidetheclosurearoundv
of a radiusof i . We thentake themaximumof all valuesof
i . While not a tight bound,this approximationcanaccount
bothfor tokensthataretoo far away to beretrievedquickly
andtokensthatcannotberetrievedfastenoughdueto a lim-
ited incomingcapacity. Additionally, we alsoconsiderasa
specialcaselooking aheadonetimestep,sincewe can im-
mediatelycomputehow many tokenscanbe retrieved in a
singletimestep.

5.2 Single file
Webeginourevaluationbyapplyingourheuristicstosingle-

�le contentdissemination,consideringhow graphsizeand
receiver densityaffect distribution. For the single-�le case
weconsiderbothrandomgraphsandtransit-stubgraphsgen-
eratedby theGT-ITM topologygenerator. For thesingle�le
results,we are consideringa �le of 200 tokens,and edge
weightschosenrandomlybetween3 and15 tokens.These
assignmentsarearbitrary, but chosento capturethevariety
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,randomlyaddingedgeswith uniform probability
2 ln n=n. At thisprobability, thenumberof edgesin thegraph
growsasO(n ln n), whichmaintainsreasonableconnected-
ness.Wegenerateseveralinstancesof thegraphfor eachsize
graph,andrepeatour heuristics3 times2 for eachgraph.

Figures2 and3 show that the numberof movesneeded
doesnot correlatewith thenumberof vertices.Thenumber
of movestaken for any particulargraphseemsto be more

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

dependentupon the actualconnectivity of the graphsand,
in particular, their randomedgeweights.As mentioned,we
have chosentheedgeconnectionthresholdto keepthecon-
nectivity at a level to supportevendistribution asgraphsize
grows. On the otherhand,the bandwidthconsumedgrows
roughly linearly with the numberof verticesof the graph.
We alsoclearly seethat the roundrobin technique,though
successful,is muchslower thantheothertechniquesthatac-
countin oneway or anotherfor what their peershave, and
that thebandwidthheuristicis slower thantheotherswhen
all nodeswanteverything,andalsodoesnotdemonstrateany
savingswhencomparedwith random.Furthermore,from the
perspectiveof thenumberof movesandbandwidth,random
performswithin a constantfactorof the smarterheuristics.
This caseof all verticeswantingall �les is uniquehowever,
sincenobandwidthis wastedaslongastokensaren't re-sent.

Receiverdensity. The single-source,all receiver problem
is the mostcommononefrom the systemscurrentlybeing
built. Its inclusion demonstrateshow though�ooding is a
robust solution to disseminatecontent,due to the circum-
stancesit is exemptfrom bandwidthwaste.But we expect
thatwhen�ooding to a setof peerswhodonotwantthe�le
it will usefarmorebandwidththannecessary. We measured
this usinga singlesource,single �le distribution over 200
nodesthat were addedto the want set dependingon their
randomlygeneratedscore.We performedthe sameexper-
iment with both randomand transit-stubgraphs,but have
only includedrandomsinceasbeforeit is representative of
both.

Figure4 shows theresultof this experimentbothin terms
of bandwidthand numberof moves.On the x-axis is the
scorethresholdthatwe usedto addtheverticesto wantset
with. Whatwe seefrom theseresulsis that randomcontin-
uesto do well with respectto numberof moves,but is now
roughlydoubletheotherheuristicsin bandwidthconsumed.
Also we note that the bandwidthconsumedand the num-
berof movesis roughlyconstantfor the �ooding heuristics
so they are not taking advanageof the smallernumberof
verticesthat want the tokens..By constrast,the bandwidth
optimizing heuristic,which is slower than the othersby a
smallpercentage,takesmuchlessbandwidththanall heuris-
tics whenthe thresholdis small, andcontinuesto useless
bandwidththanrandomuntil the thresholdreturnsto 1. Fi-
nally, theprunedbandwidthof theheuristicsis roughlyopti-
mal,anddemonstrateshow the�ooding runsnearlythesame
regardlessof how many nodeswantthe�le.

5.3 Multiple files
Numberof �les. Themulti-�le scenariowasdevelopedby

startingwith 200verticesand512tokensat a singlesource.
Initially, all verticeswantedall 512tokens(1 �le). Then,we
subdivide both the �le and the vertices,and then eachset
of 100nodeswanted1 of the2 �les, containing256tokens
each.Thissubdivisionprocessis repeateduntil thereare128
�les of 4 tokenseachwhich arewantedby 1 or 2 vertices
each.Whatremainsconstantacrossthisgraphis thenumber
of tokensthatneedto bedistributedfrom thesinglesource.
As before,theedgeweightsarechosenat randomfrom 3 to
15. Givenour earlierobservationabouttransit-stubgraphs,
we continueto presentresultsfrom randomgraphsonly.
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Figure2: Movesand Bandwidth asa function of graph size.Singlesourceand ®le to all receiverson a random GT-ITM
graph.
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Figure 3: Movesand Bandwidth as a function of graph size.Single source and ®le to all receivers on a transit-stub
GT-ITM graph.

In Figure 5, we seethat after an initial large descentin
numberof movesdueto thenumberof tokensbeingsentto
abottleneckvertex, nearlyall heuristicslevel off. Giventhat
their bandwithconsumptionis alsoroughly even, this sug-
geststhatonceagainthey areperformingthesamedistribu-
tion regardlessof how the �les arebrokenup (i.e., sending
all tokensto all nodes).Furthermore,randomcontinuesto
performwithin aconstantfactorof theother�ooding heuris-
tics, thoughits separationis now more pronounced.Here,
only thebandwidthheuristicvariesandimprovesasthe�les
needto go in moreconstraineddirections,thoughevenat its
bestit still takesasmany turnson this graphasthe�ooding
protocols.However, bandwidthis substantiallylower, track-
ing both the lower boundaswell astheprunedversionsof
the�ooding heuristics.

Multiple senders.Themultiple-senderis anadaptationof
thenumberof �les scenarioabovewherethesourceof each
�le wasrandomlychosenfrom thesetof verticeswhich did
not wantit. Figure6 closelymimicstheFigure5, sowe can
observe the sametrendswhetherthe �les begins at a sin-

gle placeor multiple places.This alsodemonstratesthatal-
thoughin thedistributed�le casethenumberof tokensper
sourcevertex havedecreasedthesametrendin heuristicsoc-
curs.

6. CONCLUSION
In this paper, we formalize the overlay network content

distribution problem,a problemwith applicabilityto a wide
varietyof recentefforts.Currently,effortsintobuilding faster,
morereliable, lower latency, etc. overlaysare limited by a
lackof understandingof theboundsavailablein agivensce-
nario for a given problemformulation. We show that the
problemis NP-completeandpresentanumberof globaland
onlineheuristicsfor a numberof problemvariantsandnet-
work topologies.Of course,thereareanumberof interesting
problemvariantsnot exploredby our work. We list several
here.

Changingnetworkconditions.We can considerthat the
capacityof eacharc,oreventhesetof arcsthemselveschanges
betweenturns.By restrictingthetypesof possiblechanges,
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Figure 4: Movesand Bandwidth asa function of ®le density. Singlesourceand ®le to subsetof receivers on a random
GT-ITM graph.
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Figure5: Movesand Bandwidth asa function of number of ®les.All receiverswant exactlyone®le subdivided fr om the
samesetof tokens.Run on a random GT-ITM graph.

this could modelcrosstraf�c, dynamicchannelconditions,
intermittentmobility, or evendenial-of-serviceattacks.One
interestingscenariowould be to constructan on-line algo-
rithm robust to adversarialnetwork conditionsandto com-
pareits behavior to onewith accessto anetwork oraclewith
perfectknowledgeof currentandfuturenetwork conditions.

Encoding. In our problem,we considera staticsetof to-
kens.While we admit duplicationof tokens,no new types
of tokensaremintedwithin thenetwork. In thefaceof lossy
channels,it maybeusefulto introduceredundancy into the
systemby generatingmultiple sub-tokens,only a subsetof
whicharenecessaryto reconstructtheoriginal token.While
suchcoding of the contentcould introducesigni�cant ad-
ditional degreesof freedomin formulatingviablesolutions,
determiningboundsmaybecomemoredif�cult aswell.

Arrivals and departures.In any real system,participants
areunlikely to join simultaneously. Instead,thesetof nodes
in thenetwork will varywith time,andthecontentschedule
shouldadaptto thechangingdistribution of tokendemand.

Thisvariantmaybeviewedasaninstanceof the“Changing
network conditions”with capacitiesto and from particular
nodesgoing from zeroto non-zeroandbackdependingon
whethera nodeis arriving or departing.

Realistic topologies. In our work, we consideronly the
overlay topology, andnot thephysicallinks makingup our
logical links. We arelikely ignoringthereality thatmany of
our logical links sharethe samephysicallink, hencetheir
capacitiesarenot independent.To properlymodel this, we
needto take into accountphysicallinks androuters,which
donotparticipatein overlayforwarding,insteadsimply for-
wardingthepacketsalongto aspeci�edoverlaynode.
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APPENDIX
THEOREM 5. TheFastOverlayContentDistributionprob-

lemis NP-hard.

PROOF. We give a reductionfrom the Dominating Set
problem,which is known to be NP-complete[6]. Brie�y ,
the DominatingSetproblemis to determine,givena graph
G = (V; E ) andintegerk, whetherthereexistsasetD ⊆ V
of sizeatmostk suchthateveryvertex in V −D is adjacent
to somevertex in D .

GivenG = (V; E ) andk, we constructa FOCDproblem
whichwill decidewhetherthegraphG hasadominatingset
of sizeat mostk. Let n = |V |. We will distributetwo �les,
consistingof tokens{0} and{1; 2; : : : ; n − k}. The graph
for �le distribution will consistof 2n + 2 vertices;if V =
{v1; : : : ; vn}, let theverticesin the�le distributionproblem
becalled{s; t; v1; : : : ; vn; v′

1; : : : ; v′
n} = {s; t} ∪ V ∪ V ′.

At thestart,vertex s containscopiesof all tokensandno
othervertex hasany tokens.Vertex t wantstokens{1; : : : ; n−
k}, andevery othervertex v′

i wants{0}. The verticesin V
act as intermediariesin distributing the tokens.Thereare
arcss → vi of capacityone for eachvi ∈ V , and simi-
larly arcsvi → t for eachvi. Finally, thereis anarcvi → v′

i

for every vi ∈ V , andvi → v′
j for eacharc (vi; vj) ∈ E.

This reductionis illustratedin Figure7.
This givesa mappingreductionfrom theDominatingSet

problemto FOCD;Thereis adominatingsetof sizek if and
only if the FOCD problemcanbe solved in two timesteps.
Note that if G hasa dominatingset D of sizek, then the
�le distributionproblemmaybesolvedin two timestepsby
sendingtheverticesof thedominatingsetD token0 on the
�rst timestep,andtheremaining(n − k) verticesin V − D
thetokens{1; : : : ; n−k}. Onthesecondtimestep,thetokens
{1; : : : ; n − k} maybesentto t, andeachvertex of v′

i ∈ V ′

may receive 0 from eithervi if vi ∈ D, or vj ∈ D where
(vi; vj) ∈ E.

Conversely, if it is possibleto distributeall tokensin two
steps,then (n − k) verticesfrom V must receive tokens
{1; : : : ; n − k} in orderto relaythemto t, andsoat mostk
verticesfrom V receive 0. Sincethesek verticesmustsend
token0 to all of V ′, they mustcorrespondto a dominating
set.


