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Abstract

This paperfocuseson a greedydataplacementstrategy for a meshnetwork of peer-to-peerdevices
that collaborateto streamcontinuousmedia,audio and video clips. The greedyplacementstrategy,
termedSimple,strivesto maximizethenumberof referencesservedby the local storageof a peer. We
analyzetwo policiesto realizethis placement:Frequency-basedandByte-hit. Thefirst sortsclips based
on their accessfrequency, assigningthe frequentlyaccessedclips to eachnode. Byte-hit computesthe
frequency of accessto eachbyteof aclip, sortsclipsbasedonthisvalue,andassignsthosewith thehigh-
estbyte-hit valueto eachnode. Both have thesamecomplexity andalmostidenticalimplementations.
A simulationstudyshows Byte-hit is superiorto Frequency-basedfor two reasons.First, it maximizes
the numberof peersthat cansimultaneouslydisplay their referencedclips. Second,it is morerobust
to error in accessfrequencies.In all our experiments,Byte-hit performsalmostidenticalto theoptimal
placementstrategy.

1 Introduction

Advancesin communicationandprocessinghave madead-hocnetworks of wirelessdevicesa reality. A
device, termeda peer, is typically configuredwith a fastprocessor, a massstoragedevice, eitheroneor
several typesof wirelessnetworking cards[20, 11]. Peersstrive to provide their userswith ubiquitous
accessto their dataeverywhereandarebuilding componentsof complex systemssuchasMemex [4] and
MyLifeBits [12].

In this study, we focuson devicesconfiguredwith wirelessnetworking cardsthatoffer bandwidthsin
theorderof a few Megabits persecond(Mbps)with a limited radiorange,a few hundredfeet. Examples
include802.11a,b, andg networking cards[3, 2, 19]. Devicescommunicatewith eachotherwhenthey are
in the radio rangeof oneanother. Somedevicesmight be in the radio rangeof a WiMax (802.16a)base
stationor anaccesspoint,providing thead-hocnetwork with accessto thewired infrastructure.

In multi-hop wirelessnetworks, two peersmay communicatethrougha numberof intermediatepeers
thatcollaborateto relay information. An interestingsubclassof networks, termedmeshnetworks, is more
constrainedby bandwidthandstoragelimitations andlessconstrainedby nodemobility andpower con-
sumption.An examplemightbeCanada’sSuperNet[6] whichdeliverseducationalmaterialto remoteareas
in Alberta.It consistsof wirelesspeersthatcomplementthewiredinfrastructure.Anotherapplicationmight
bean office setting[20] or a homeentertainmentsystem[14] wheremultiple peerscollaborateto provide
on-demandaccessto content.With thelatter, ahouseholdmaystoreits personalvideolibrary on apeerfor
retrieval everywhere,e.g.,whenvisiting a friend’s home. A peermayencryptits contentto eitherprotect�

A shorterversionof this paperappearedin the Twelfth InternationalConferenceon DistributedMultimediaSystems(DMS
2006), GrandCanyon,Aug 30-Sept1, 2006.
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it from un-authorizedaccess,i.e., authentication,or implementa businessmodelfor generatingrevenues.
Thesemeshnetworks raisea hostof privacy andsecurityissues[5] which constitutean active areaof re-
searchby severalcommunitiesandbeyondthefocusof this paper.

A challengeof thesead-hocnetworks is how to displaycontinuousmedia,audioandvideoclips. Con-
tinuousmediaconsistsof a sequenceof quanta,eitheraudiosamplesor videoframes,thatconvey meaning
whenpresentedat a pre-specifiedrate[13, 18]. Oncethedisplayis initiated, if thedatais deliveredbelow
this ratethenthedisplaymaysuffer from frequentdisruptionsanddelaystermedhiccups.

A peermay storeclips in its local storagein anticipationof future referenceseitherby its useror a
neighboringpeer. Many studiesfrom mid 1990sdescribetechniquesfor a hiccup-freedisplayof a clip that
residesin thelocal storageof a peer, [16, 13] to namea few. Onemayuseoneof thesetechniqueswhena
userreferencesa clip residenton local storageof a peer. Otherwise,this peer(denoted

���
) mustlocatea

peerthatcontainsthereferencedclip (denoted
���

). Next, it mustadmit itself into thesystemby reserving
one or more pathsfrom

� �
to
���

in order to streamthe referencedclip at a pre-specifiedbandwidth.
This processis termedadmissioncontrol. It involvescollaborationof otherpeersservingasintermediate
application-basedroutersby requiringthemto reserve theirnetwork bandwidthonbehalfof thisstream.By
reservingbandwidthalonga path,

���
overlapsits displaywith delivery of datafrom

���
, minimizing the

latency observedby auser.
A peermay setasidea fraction of its availablestorageto storeaudioandvideo clips. Without loss

of generalityandin orderto simplify discussion,the termstoragerefersto this fraction. TheSimpledata
placementstrategy strivesto maximizenumberof referencesmadeby a peerto clips residentin its storage.
It realizesthisobjective by assigningasmany clipsaspossibleto apeer. Thisassignmentis trivial whenthe
storagecapacityof eachpeeris larger thantherepositorysizebecauseonemayassigntheentirerepository
to eachpeer. Otherwise,thegreedyalgorithmmustdeterminethe identity of clips thatshouldbeassigned
to eachpeer. We presenttwo policies to addressthis researchtopic. They are termedFrequency-based
andByte-hit. Both assumeanestimateof frequency of accessto clips is available. We comparethesetwo
policiesby quantifyingthenumberof peersthatmaydisplaytheir referencedclips simultaneously. This is
alsotermedthethroughputof thesystem.

Obtainedresultsprovide the following key insights. First, whenthe estimatedfrequency of accessto
clips is precise,Byte-hitenablesa largernumberof requeststo find their referencedtitles locally, maximiz-
ing thethroughputof thesystem.Second,whentheestimatedfrequency of accessis notprecise,Byte-hit is
morerobustandcontinuesto provide a higherthroughput.Third, Byte-hit hasthesamecomplexity asthe
Frequency-basedtechniqueswith analmostidenticalimplementation.Theseprovide a convincing casefor
asystemdesignerto employ theByte-hit policy.

The restof this paperis organizedas follows. Section2 providesa survey of the relevant literature.
In Section3, we presentthedetailsof Simpleandits alternative policies. Section4 presentsa comparison
of the alternative policiesusing a simulationstudy. Brief conclusionsand future researchdirectionsare
presentedin Section5.

2 Related Work

Placementof datain ad-hocnetworksis anemergingareaof research.Wecategorizeprior studiesinto those
thatshareor donot sharestorage.Whenstorageis shared,adesignstrivesto enhanceaglobalperformance
metricthat impactsall peers.Whenstorageis not shared,a designstrivesto enhancea metriclocal to each
peer. Simpledoesnot sharestorageandits outlinedpoliciesstrive to enhancethenumberof userrequests
satisfiedusingthelocal storageof a peer. All prior studiesassumestorageis a sharedresource.Below, we
summarizethesestudies.

Studiesthat assumestorageof a peeris sharedinclude[21, 7, 1]. The global performancemetric of
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Parameter Definition�	��
���������
Bandwidthrequiredto displaya clip�	��
����
Bandwidthof a link�
Numberof clips, �	� ��� �! 

Frequency of accessto clip �"
Numberof peers#%$%& 

Sizeof clip �# ��'
Sizeof thedatabase,

# ��')(+* $
�,.- # $%& 
#%/
Storagecapacityof a peer#%0
Total storagecapacityof peers,

#10 ( "32 #1/

Table1: Parametersandtheirdefinitions

Clip id 46587 9 :;9 :;9=<>465?7 9@ @BA CED�F CEDGC�H
I @ CEDJ@ CEDJ@
K ILC CEDMI CEDGC1@

Table2: An exampleshowing Byte-hit maynotalwaysyield theOptimalsolution.

eachstudyincludes:averagesearchsizefor aclip [7], euclidiandistancebetweenaclientandaserver [21],
andnumberof simultaneousdisplays[1]. With [7, 1], thenumberof replicasfor a clip is proportionalto

thesquareroot of its frequency of access.With [21], this numberis proportionalto

��NPO Q=QSRTUWV 9 �	X 9ZY�[ where\.9 is the
frequency of accessto clip ] . Simpledoesnot computethenumberof replicasfor a clip. A comparisonof
Simplewith [21, 7, 1] is a futureresearchtopic,see[15].

We focuson Simplein order to (1) identify which of its policies is superior, and(2) usethe superior
policy for comparisonwith thosetechniquesthatsharestorage.A key contribution of this paperis to show
superiorityof Byte-hit. See[15] for apreliminarycomparisonof Byte-hitwith astoragesharingtechnique.

3 Simple Data Placement

Weassumeanad-hocnetwork of ^ peersanda base-station.Thebase-stationprovidesaccessto thewired
infrastructureandremoteservers.It might bein theradiorangeof a few peers.

Whenauseremploys a peerto referencea clip, thepeerchecksto seeif theclip is availablein its local
storage.In this case,it initiatesthedisplayof the clip from its local storage.Otherwise,it tries to admit
itself to streamtheclip from eitherapeercontainingthereferencedclip or thebasestation.

Simpleassignsclips to peerswith theobjective to maximizethenumberof simultaneousdisplayswhile
minimizing the incurredstartuplatency. Startuplatency is definedasthedelayincurredfrom whena peer
referencesa clip to the onsetof its display. An effective heuristicis to maximizethe numberof requests
servicedusingthelocal storageof apeer, minimizing thedemandfor thenetwork bandwidth.

With a homogeneousrepositoryconsistingof equi-sizedclips, the placementof datais similar to the
fractionalknapsackproblem[8]. Whenthe objective is to maximizethe frequency of accessto the local
datastoredon eachpeer, definedas _ 9Z`=a : 9 , theoptimalsolutionis to assignthe 4 mostpopularclips to
eachpeer. AppendixA detailsthis solutionandprovesits optimality.

A repositoryconsistingof a mix of mediatypesis morerealistic. In this case,thesizeof clips will be
different,changingtheplacementof datawith Simpleinto a 0-1knapsackproblem.This problemhasbeen
well studiedin the literature.A dynamicprogramto realizethemaximumhit ratio is outlinedin [8]. This
solutionis apseudo-polynomialalgorithmwith bdcSegfh46ikj complexity. Notethatthegranularityof 46i is in
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bytes.Whenthestoragecapacityof a nodeis in theorderof hundredsof Gigabytes,thisoptimalalgorithm
mayincur a longexecutiontime.

Thereexistssuitableheuristicsto approximatetheoptimalsolution.An effective heuristicis to (1) sort
clips basedon their :;9=<>465?7 9 value,(2) assignthe first 4 clips to eachnodewhere _ 9Z`=a 46587 9mln46i . The
processis repeateduntil storageof a peer, 46i , is exhaustedi.e. 4�ipo _ 9Z`=a 46587 9rqs465?7 t for all uwvx4zy . This
is theByte-hit policy. Anotherheuristic,termedFrequency-based, is to repeattheabove procedureusing:;9 insteadof :;9=<>4�587 9 .

Section4 showsByte-hitapproximatesanoptimalassignment.However, Byte-hitmaynotalwaysyield
the optimal assignmentasillustratedby the following example. Assume46i|{ @BA anda repositoryof 3
clips. Table2 shows thesizeof eachclip andits frequency of access.TheByte-hit policy assignsclip 2 to
eachpeer, observinga 10%hit ratio. TheOptimalassignmentwould assignclip

@
to eachpeer, increasing

this hit ratio to 70%. While thereadermayobserve theFrequency-basedpolicy would producetheoptimal
solution,it is importantto notethat onemay devise counterexamplesto show that Frequency-basedalso
doesnotalwaysproduceanoptimalassignment.

4 A Comparison

In this section,we comparetheFrequency-basedandByte-hit policies. We startwith a descriptionof our
simulationenvironment.Next, weshow Byte-hitprovidesahigherthroughputwhentheassumedfrequency
of accessto clips is precise.Section4.3showsByte-hit is morerobustwhenthefrequency of accessto clips
is erroneous.Finally, Section4.4 analyzesscenarioswith two demographics.It shows Frequency-based
observeshigherimprovement.However, Byte-hit continuesto outperformFrequency-based.

4.1 Simulation Set-up

We considera heterogeneousrepositoryconsistingof two mediatypes:audioandvideoclips with display
bandwidthrequirement( }�~ 9 X�� VM��� ) of

KLC>C
Kbpsand

A
Mbps.Therewere3 differentclip sizesfor eachmedia

type. With video,we have clips with a displaytime of
I

hours, � C minutes,and
KLC

minutes.Thesizeof
theseclips are

I
Gigabytes(GB),

@
GB, and

CEDMH
GB, respectively. With audio,theclip displaytimesare

A
minutes,

I
minutes,and

@
minute.Resultingclip sizesare � Megabytes(MB),

A1DMH
MB, and

I�DMI>H
MB.

With a databaseof e clips (say e =100), the clips are numberedsequentiallyfrom 1 to 100. Odd
numberedclips arevideo andeven numberedclips areaudio. Thus, the patternof clip sizesis

I
GB, �

MB,
@

GB,
A1DMH

MB,
CEDMH

GB and
I�DMI>H

MB. This patternrepeatsitself until all 100clips thatconstitutethe
repositoryare constructed.This numberingis importantbecausedistribution of requestsacrossclips is
generatedusinga Zipfian distribution with a meanof 0.27. This distribution is shown to resemblethesale
of movie ticketsin theUnitedStates[10].

We analyzedtwo differentnetwork topologies:StringandGrid. With String,eachpeer(exceptthetwo
peersat the endof the topology) is in the radio rangeof two neighboringpeers. This might representa
communityof houseslined up in front of a lake. With Grid, a peeris in theradiorangeof thosepeerswith
a Manhattandistanceof one. This meanseachpeer, exceptfor thoseon the borderof the Grid, is in the
radio rangeof

A
otherpeers.This is morerepresentative of a metropolitanneighborhoodin a city suchas

Los Angeles.The link bandwidthbetweentwo peersis
A

Mbps, }�� 9�L� =4 Mbps. With all topologies,we
assumethepresenceof a basestation.It is locatedat oneendof theStringtopologyandonecornerof the
Grid topology.

In eachiterationof a simulationrun, peersarepicked in a round-robinmannerto referencea clip for
display. Thereferencedclip is selectedaspertheZipfian distribution. If thereferencedclip residesin local
storageof thepeerthenthenumberof simultaneousdisplaysis incrementedby one. Otherwise,it invokes
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� I>H A � � @ @�C>C @BA>A @ �>� K>I;A
e @�C>C @ �>� K>I;A A�C>C H�F � F � A @�I �>�

b�\��P]S����� CED �>� K CED � @>@ CED�F � K CED�F�AwK CED�F�@�H CED �>� K CED �>� I
}�������o��%]S� CED �>� @ CED � @>@ CED�F � K CED�F�AwK CED�F�@�H CED �>� K CED �>� I��� ���;�8�� �¡¢�£o�¤x�E¥���¦ CED �>�>� CED�F �>� CED �>� H CED � IE@ CEDMH>H>I CEDMHLC1@ CED§AwI �

Table3: _ :;9 for thedifferentpoliciesfor a constante�< � ratio of 4, 46i¨{ I � Gigabytes.

acentralizedadmissioncontrolcomponentthatemploys theFord-Fulkersonalgorithm[9]. Thiscomponent
triesto reserve oneor morepathsfrom thetargetpeerto thebasestationwith bandwidthequivalentto that
requiredfor continuousdisplayof theclip ( }�~ 9 X�� V���� ). If suchapathexiststhentherequestis admittedinto
thesystemandthenumberof simultaneousdisplaysis increasedby one.Otherwise,therequestis rejected.
Sincethe requestis eitheradmittedor rejectedinstantaneously, the tolerablestartuplatency in this caseisC
. Thiswouldbedifferentin a realsystem.An iterationendsonceall

�
peershave invokedthisprocedure.

Notethatthemaximumnumberof simultaneousdisplaysfor aniterationis
�

.
A key metric is the averagenumberof simultaneousdisplays. It is an averageof 100,000iterations.

Anothermetricis thehit ratioobservedby eachpeer. It is anaverageacross100,000requestsover
�

peers.
Wealsostudyhow robustthismetricis to errorsin theclip accessfrequencies(seeSection4.3).

Weobservedidenticaltrendsfor boththeStringandGrid topologies.This is becausethebasestationis
locatedatoneendof thetopology. Hence,for theremainderof thispaper, we focusontheGrid topology. A
futureresearchdirectionwould beto identify alternative placementsof thebasestation(s)andquantify the
effectsof }�� 9��L� and }�~ 9 X�� V���� on thenumberof simultaneousdisplays.

4.2 Number of Simultaneous displays

Figure1 shows theresultsobservedwith ascale-upexperiment.It is termedscale-upbecausethenumberof
clips ( e ) is a functionof thenumberof peers(

�
), e©{ A � . Thus,whenwe increasethenumberof peers

(
�

) from 25 to 50, thenumberof clips ( e ) increasesfrom
@�C>C

to
ILC>C

. Thestoragecapacityof eachpeeris
fixedat

I � GB ( 46iª{ I � GB). Weassumethebandwidthbetweenthepeersis fixedat
A

Mbps.
In Figure1, thedashedline shows thedesirednumberof simultaneousdisplays.Its valuesaredictated

by thenumberof peersshown on thex-axis.This is thetheoreticalupperboundon systemthroughput.
Figure 1 shows the following two observationsas a function of higher valuesfor e and

�
. First,

all strategies diverge from the theoreticalupperbound. Second,Byte-hit andOptimal provide the same
throughput,outperformingFrequency-basedby awider margin. Weexplaineachin turn.

As we increasee and
�

, a smallerfractionof repositoryfits on eachpeerbecausethestoragecapacity
of eachpeeris fixedat26GB, 46i =26GB. Thiscausesa largerfractionof requeststo streamclips from the
basestation. With the bandwidthof a connectionbetweentwo peersfixed at 4 Mbps ( } V 9��L� { A Mbps),
theadmissioncontroladmitsfewer requests.This causesall policiesto divergeby awider margin from the
theoreticalupperbound.

To explain thesecondobservation,we show the total frequency of accessto theclips assignedto each
peerwith Optimal, Byte-hit andFrequency-basedin Table3. Eachcolumnof this tablecorrespondsto a
different

�
and e values,i.e., ticks on thex-axisof Figure1. Thetotal frequency with eachstrategy drops

asa functionof e . This is becausethestoragecapacityof eachpeeris fixedandthefrequency of accessto
eachclip decreaseswith higher e values.

Table3 shows identicalaccessfrequencieswith Byte-hit andOptimal which is higher than that with
Frequency-based.This is becauseByte-hit andOptimal assigna differentcollectionof clips to eachpeer
for eachvalueof e and

�
. With Frequency-based,thesamecollectionof clips is assignedto eachpeerfor

valueof
�

greaterthan49. With
� { I>H , asubsetof theseclips is assignedto eachpeer.
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Figure1: Numberof simultaneousdisplaysfor the Optimal, Byte-hit, andFrequency-basedpoliciesasa
functionof thedatabasesize. Storagecapacityof eachpeeris 26 Gigabytes.Numberof peers(

�
) is 25%

of thenumberof clips ( e ) andvariesfrom 25 to 324.

To elaborateon these,observe that the frequency of accessto eachclip changesasa function of e .
This changesthevalueof « Ta�¬w T , causingByte-hit to assigna differentcollectionof clips to eachpeer. With
Frequency-based,thesortedorderof clips usingtheir accessfrequency remainsunchangedasa functionofe . Recallthepatternof clip sizesis: 2 GB, 9 MB, 1 GB, 4.5MB, 0.5GB, and2.25MB. Total sizeof each
patternis 4?® =3515.75MB. Frequency-basedassigns7 of thesepatternsto a peer. This leaves1389.75MB
of freestorage.Thus,thefirst videoclip of theeighthpattern(clip 43) cannotbeassignedbecauseit is 2
GB in size.Frequency-basedis ableto assignonly clips44,45,46,and47of theeighthpattern.This leaves
374MB of freespace.Only audioclips canbeassignedto this freespace.When

�
is 25 and e is 100,a

totalof 79clipsareassignedto eachpeer, assigningall theaudioclipsandleaving 200.75MB of freespace.
When

�
is 49 and e is 196,thereareadditionalaudioclips becausetherepositorysizeis larger, allowing

Frequency-basedto exhaustall freestorageof eachpeer. In this case,it assigns117clips to eachpeer. The
identity of last assignedclip is 192. With valuesof

�
higherthan49, the valueof e exceeds192. This

meansthesamecollectionof clipsareassignedto eachpeerbecausetheir sortedorderdoesnotchangeasa
functionof e .

4.2.1 Summary of Other Experiments

We conductedotherexperimentsthatincludea comparisonof Optimal,Byte-hit andFrequency basedwith
two otherpolicies:First,apolicy thatassignsclipsto apeerrandomly. Second,apolicy thatsortsclipsbased
on ¯ :;9°<>46587 9 andassignsthemto eachpeer. Here is a summaryof our observations. First, asexpected,
the Optimal algorithmprovides the bestperformance,however, its executiontime is significantly longer.
Second,Byte-hitapproximatesOptimalin almostall experiments.Third, astheratioof 46i±<>4 ~³² increases,
even the randomscheme(which ignoresthe clip’s popularity)shows a competitive performance.This is
becauseat large valuesof 46i , mostof the e clips arestoredin the local storageof eachpeer. Fourth,
with a constant4�i±<>4 ~³² ratio, asthenumberpeersincreases,theOptimalandByte-Hit policiesperform
approximately15-30%betterthantherandomscheme.For smallervaluesof

�
(
� { I>H ), evenfor different
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Figure2: Percentagefrequency of accessperclip for a repositoryof e´{ A�C>C clipsusingaZipfiandistribu-
tion with ameanof 0.27.

Policy One Layout Layout Layout Layout
Demo- #1 #2 #3 #4
graphic

Byte-hit µ�¶�· ¸ µ�¹>· ¶;µ µ�µL· ¸�¸ µ�º�· ¸�¸ µ�¸»S¼ ��· ¹�¸;½¿¾ » ��· À;½¿¾ »ÂÁ ·GµL�B½¿¾ »ÂÁ ·Gµ�ÀL½±¾
Frequency ¶�º�· ¸ ¶�¸�· Á ¸ µ�Ãw· Ã�º µ�¹>·GµL� µ�¹>·GµL�

-based
»�Ä ·§¹�½¿¾ » ºw· Ä ¸;½¿¾ » ¸�· º�º;½¿¾ » ¸�· º�ºL½±¾

Table4: Numberof simultaneousdisplays,numbersin parenthesisarepercentageimprovementsrelative to
onedemographic.

valuesof 46i±<>4 ~³² , all schemesexceptrandomexhibit similar performance.Fifth, Byte-hit and ¯ :;9S<>46587 9
providedidenticalthroughputin all ourexperiments.

4.3 Robustness to Frequency of Access

Weanalyzedthesensitivity of thealternative policiesby placingdatausingaZipfian distribution of access.
Next, the workloadgeneratorwasmodifiedto generatea clip requestusinga shifted-Zipfian distribution.
Thelatter is generatedby shifting theoriginal Zipfian distribution with parameterÅ . Thevalueof Å ranges
from 1 to e . This meansthe frequency of accessfor clip ] is assignedto clip cÂ]ÇÆpÅEj���È;¦Ée . Figure2
shows the frequency of accessfor clips for a repositoryconsistingof eÊ{ A�C>C clips. When ÅË{ @ , the
workloadgeneratorissuesrequestsrelative to theoriginal distribution ( Å =0) in thefollowing manner:Clip
2 is referencedasfrequentlyasClip 1, Clip 3 is referencedasfrequentlyasClip 2, soon until Clip 400is
referencedasfrequentlyasClip 399,andClip 1 is referencedwith thesameaccessfrequency asClip 400.
For agivenshift value Å , we conducted100,000iterationsof eachexperimentusingaGrid topologyof 100
peers.Note that the original placementof clips remainsunchangedin eachiteration. Figure3 shows the
experimentalsetup.

Figures4.a,4.b,and4.c show theminimum,average,andmaximumnumberof simultaneousdisplays
supportedby agrid topologyconsistingof

@�C>C
peers.As weincreasethevalueof Å , bothtechniquessupport
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Figure3: Experimentalsetupfor robustnessto errorin frequency of access.

Policy One Layout Layout Layout Layout
Demo- #1 #2 #3 #4
graphic

Byte-hit
Ä �xÀ�·§¹�µ �B¹>· ¸ Á�Ä · Á �x¶�· ¸ Á

Frequency
Ä À�À�· À�Ã ÀLµL· º Ã;¶�·��x¹ À�¸�· Ä À

-based

Table5: Numberof peers(out of 100) referencingdatafrom their neighbors.Numberswith onedemo-
graphicarezerobecausetheclipsassignedto eachnodeareidentical.
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Figure4: Minimum, average,andmaximumnumberof simultaneousdisplayssupportedby agrid topology
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fewersimultaneousdisplaysbecausethey mustreferencetheremotebasestationmorefrequently. Obtained
resultsshow Byte-hit is morerobust thanFrequency-based.This is becauseByte-hit assigns232 clips to
eachpeer. Frequency-basedassignsonly 117clips to eachpeer. Many of the232clipsarethesmalleraudio
clips with a high byte-hit value. Whenthe frequency of accessto theseclips increases,Byte-hit services
theserequestsusingthelocal storageof apeer.

Systemthroughputdropsin astepmannerasa functionof Å . Below, weelaborateon this trendwith the
Frequency-basedpolicy. Theexplanationfor Byte-hit is similar. With Frequency-based,seeFigure4.b,the
averagenumberof simultaneousdisplaysdropssharplyas Å approaches42. This droplevelsoff when Å is
43. Thereis anothersharpdrop as Å approaches192. Theexplanationfor this is asfollows. Recallfrom
Section4.2 thatFrequency-basedassignsthefirst 42 clips to eachpeer. As Å approaches42, thefrequency
of accessto theseclips decreases,reducingthenumberof requeststhat find their referencedclips locally.
They aredirectedto thebasestationandtheadmissioncontrol rejectsmany dueto the limited bandwidth
betweenpeers.This explainsthefirst sharpdropasshift ID approaches42.

Whenwe increaseÅ (shift ID) from 42 to 100,thedropbecomesgradual.This is dueto assignmentof
audioclips to local storageof thepeers.Recallfrom Section4.2 thattheid of thelastassignedclip is 192.
As Å approaches192, throughputdegradesfasterasfewer referencesareservicedusinglocal storageof a
peer. Thelowestpoint is when Å is 193.Beyondthis point, thethroughputincreasesbecausethenumberof
referencesto thefirst 42clips startsto increaseonceagain.

Similar trendsareobserved with Byte-hit whereit assigns232 clips to eachpeer. The trendis not as
dramaticbecauseit assignsmany smallaudioclips to eachpeerandtheid of thelastassignedclip is 400.

4.4 Alternative Demographic Layouts

Finally, wecomparedtheimpactof differentdemographicsontheperformanceof alternative policies.Mul-
tiple demographicsforceSimpleto storedifferentclips on eachpeer. This enablesa peerto actasa server
for a pendingrequest.Onceagain,we assumeda 100peerconfigurationwith a repositoryof 400clips as
describedin Section4.1. We assumedtwo demographicswith accesspatternsthatmirror oneanother. The
first demographics,termeddgr1, assumesthe accessfrequency of Figure2. The second,termeddgr2, is
a mirror of the first becauseit assumesclip 400 is referencedwith the samefrequency asclip 1 of dgr1,
clip 399 is accessedasfrequentlyasclip 2 of dgr1,andsoon. A peermaybelongto eitherdgr1or dgr2.
We analyzedfour differentlayoutsfor peersasshown in Figure5. Whentheworkloadgeneratorissuesa
requeston behalfof apeer, it usesits demographicto determinetheidentityof thereferencedclip.

Table4 shows the total numberof simultaneousdisplayssupportedby Byte-hit andFrequency-based
with eachlayout. We have includedresultsfrom Figure1 pertainingto onedemographicwith 100peers.
Numbersin parenthesesshow the percentageimprovementwith different layoutsrelative to the onede-
mographicscenario.Theseshow Frequency-basedobserveshigherimprovement.This is becausea larger
numberof peersstreamclips from theirneighbors,seeTable4. With Frequency-basedand2 demographics,
eachpeerholds117clipsandtheentirenetwork holds234clips. (A peerbelongingto dgr1holds117clips
differentfrom thoseassignedto a peerbelongingto dgr2.) This is twice thatwith onedemographic.With
Byte-hit, the numberof uniqueclips in the ad-hocnetwork increasesmodestly(by 31, from 232 to 263).
Thus,its observedimprovementrelative to onedemographicis insignificant.

NotethatFrequency-baseddoesnotoutperformByte-hit (comparethetwo rows of Table4) becauseits
numberof uniqueclips (234)in thead-hocnetwork remainslessthanByte-hit (263).
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5.a)Layout#1 5.b)Layout#2

5.c)Layout#3 5.d)Layout#4

Figure5: Fouralternative layoutsof peersbelongingto two differentdemographicsdenotedwith solid and
shadedcircles.

5 Conclusions and Future
Research Directions

The primary contribution of this paperis to show the superiorityof Byte-hit policy whenassigningclips
to peersof a meshnetwork. Whencomparedwith theFrequency-basedpolicy, Byte-hit providesa higher
throughputandis morerobust to theerror in accessfrequencies.Byte-hit performsalmostidenticalto the
Optimalpolicy in all our experiments.(Discussionsof Table2 show Byte-hit is not alwaysOptimal.) This
meansit is difficult, if not impossible,to designapolicy thatwouldoutperformByte-hit significantly.

A decentralizedimplementationof SimpleusingByte-hit might be as follows. Periodically, eithera
remoteserver or oneof the peerspublishes� clips. Eachclip hasan anticipatedfrequency of accessfor
differentdemographics.This meta-datais broadcastedto all peersin thenetwork. A peerusesthedemo-
graphicsof its householdto lookup the frequency of accessfor eachof the � clips occupying its available
storage.It computestheByte-hit valueof theseclips andthenewly published� clips. Both lists arecom-
binedandsortedbasedon their Byte-hit ratio. Next, it assignsclips from this list to its availablestorage.
We comparethis assignmentwith theexisting � clips to producetwo lists. List onecontainsthoseclips to
beevicted. List two contains� clips out of � to bestoredin thelocal storage.Next, it storestheidentity of
these� new clips in a messageandtransmitsthis messageto thepublishingpeer. Thepublishingpeermay
employ eitherunicastor multicastto disseminatethosenew clipsselectedfor storageby oneor morepeers.

A future researchdirection is to explore otherplacementstrategies that utilize storageof a peerasa
sharedresourceandcomputethenumberof replicasfor eachclip [21, 7, 1]. Somepreliminaryresultsare
reportedin [15]. Onemayconsidermoresophisticatedvariationswherea clip is partitionedinto fragments
anddifferentpeersstoredifferent fragments.The first few fragmentsof a clip might be replicatedmore
aggressively becausethey areneededmoreurgently[17]. Whendisplayingaclip, apeerwill displayits first
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few fragmentsfrom its local storagewhile streamingits remainingfragmentsfrom theneighboringpeers.
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A Appendix 1

The complexity of Simpleusingfrequency-basedpolicy is b cSe f�������e j . Below, we prove this policy is
optimalfor ahomogeneousrepositoryconsistingof equi-sizedclips.

Let 46i be the storagecapacityof a peer. For a homogeneousrepositoryconsistingof clips with a
constantsizeanddisplaytime, 46587 9�{n46587 t , � 9 { � t , @ l©]��Wu+l e , where e is thenumberof clips in
therepository, theoptimalplacementwith Simpleis asfollows. First,sortclips usingtheir : 9 values.Next,
assignthefirst 4 clips to eachnodesuchthat _ 9`=a 465?7 9zlp4�i .

Lemma 1 Theassignmentproducedby Simpleis optimal.

Proof: Recallthat theobjectiveis to maximizethelocal hit ratio, _ 9Z`=a :;9 , for each H2O device. Let 4! �#"
representtheoptimalsetof clipspresentoneach H20device. Then,4zy �#" representsthecomplementof 4$ �%" .

(i) TheOptimalsolutioncontainsno idle storage i.e. if 4�i o _ 9`=a'&�(*) 46587 9,+¨4�587 t , u�v¢4zy �#" , thenadding

the clip u from 4zy �#" , such that :�t {.-0/21 �B`=a y&�(*) : � , to the H20 device will increase_ 9Z`°a &�(3) :;9 , yielding a

contradiction.
(ii) We want to showthat theOptimalalgorithmhasno inversionsi.e. clip pairs ( ] , u ), ]Ñv¢4$ �%" , uwv¢4 y �%" ,:;9Çqp:�t . Thisis becausewecanswapclips ] and u andtheresultanthit ratio _ �x`�4õa &�(*)	5 976 : � o�:;9%ÆË:�t has

increased.In this way, weiterativelyeliminateall inversions.Notethat, sincetheclips are sortedby their:;9 within both 4! �#" and 4zy �#" , wemaintaina pointerto theheadof each of thesesets.Wemovethepointerat

theheadof 4! �#" aheadtill wefind a clip ] for which there existsa clip u at thehead 4zy �#" such that :;9³qp:�t .
Thenclips ] and u are exchanged. Repeatingthis processiteratively, theOptimalalgorithmtransformsto
thesolutionproducedbyour greedyalgorithm. 8
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