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ABSTRACT
Thisstudyinvestigatesreplicationof datain anovel streaming
architectureconsistingof ad-hocnetworksof wirelessdevices.
Oneapplicationof thesedevicesis home-to-home(H2O) en-
tertainmentsystemswhereadevicecollaborateswith othersto
provide eachhouseholdwith on-demandaccessto a largese-
lectionof audioandvideoclips. Thesedevicesareconfigured
with a substantialamountof storageandmay cacheseveral
clips for future use. A contribution of this study is a tech-
niqueto computethe numberof replicasfor a clip basedon
thesquare-rootof theproductof bandwidthrequiredto display
clips

�������
andtheir frequency of access

�������
, i.e.,

���	��
�������
where ������� � . We provide a proof to show this strategy is
nearoptimalwhentheobjective is to maximizethenumberof
simultaneousdisplaysin thesystemwith stringandgrid (both
symmetricand asymmetric)topologies. We say “near opti-
mal” becausevaluesof � lessthan0.5maybemoreoptimum.
In addition,weuseanalyticalandsimulationstudiestodemon-
strateits superioritywhencomparedwith otheralternatives.A
secondcontribution is ananalyticalmodelto estimatethethe-
oreticalupperboundon thenumberof simultaneousdisplays
supportedby anarbitrarygrid topologyof H2O devices.This
analyticalmodel is useful during capacityplanningbecause
it estimatesthe capabilitiesof a H2O configurationby con-
sidering: the sizeof an underlyingrepository, the numberof
nodesin aH2Ocloud,therepresentativegrid topologyfor this
cloud,andtheexpectedavailablenetwork bandwidthandstor-
agecapacityof eachdevice. It shows thatonemaycontrolthe
ratio of repositorysizeto thestoragecapacityof participating
nodesin order to enhancesystemperformance.We validate
this analyticalmodelwith a simulationstudyandquantify its
tradeoffs.

1. INTRODUCTION
Recentadvancesin communicationandprocessinghavemade

ad-hocnetworksof wirelessdevicesa reality. Intel, for exam-
ple,offersasmalldevicethatconsistsof a500MHz processor
andawirelesscomponentthatoperatesin the5 GHzspectrum,
offering transmissionratesin the order of tensof Megabits
per second,Mbps. This device costsapproximately$85 and
canbeextendedwith a massstoragedevice. Oneapplication
of thesedevicesis in supportof homeentertainmentsystems

.

wheremultiplehome-to-home(H2O)devices[10] collaborate
to provide on-demandprogrammingto a household.A cellu-
lar basestationmight serve asits interfaceto a wired infras-
tructuresuchasInternet(for servicessuchasbilling andper-
manentstorageof data). WirelessH2O cloudscomplement
the world-wide-weband peer-to-peernetworks, e.g., Kazaa,
Gnutella[6], etc.,by increasingavailability of dataat house-
holds.Moreover, a householdmaystoreits personalvideoli-
braryonaH2Ocloudfor retrieval anywhere,e.g.,ata friend’s
home.Thesystemmightencryptthecontentto eitherprotectit
from un-authorizedaccess,i.e., authentication,or implement
abusinessmodelfor generatingrevenues.Thisflexible access
to datais a building componentof complex systemssuchas
Memex [3] andMyLifeBits [8].

Onechallengeof a H2Ocloudis to displaycontinuousme-
dia, audio and video clips. Continuousmediaconsistsof a
sequenceof quanta,eitheraudiosamplesor videoframes,that
convey meaningwhenpresentedatapre-specifiedrate[9, 13].
Oncethedisplayis initiated,if thedatais deliveredbelow this
rate then the display might suffer from frequentdisruptions
anddelays.EachH2O device may storeclips in anticipation
of future referenceeither by its householdor a neighboring
household.Ideally, whena householdreferencesa clip using
a H2O device, this device would find theclip in its local stor-
age. Otherwise,this H2O device (termed ������� ) mustfirst
locatea H2O device containingthe referencedclip (termed����� � ). Next, it must admit itself into the systemthrough
a processthat reserves a path from ����� � to ����� � in or-
derto streamthereferencedclip at a pre-specifiedbandwidth.
Thisprocessis typically termedadmissioncontrol. It involves
collaborationof other H2O devices servingas intermediate
application-basedroutersby requiring them to reserve their
networks bandwidthon behalf of this stream. By reserving
bandwidthalonga path, ������� may overlapits displaywith
deliveryof datafrom ����� � , minimizingthelatency observed
by a user. Thus,a H2O device might serve eitherasa pro-
ducerof data,adatarouter, anactivedisplay, or acombination
of thesesimultaneously.

Assumingthemassstoragebandwidthexceedsthewireless
network bandwidth,overallperformanceisenhancedwhenthe
length of the path that offers sufficient bandwidthto stream
datafrom ����� � to �����!� is minimized.Whenthelengthof
this path is zero, �����!� finds its referencedclip residentin
its local storage.In orderto approximatethis ideal scenario,
thesystemmustaddresstwo critical topics. First, how many
replicasof a clip shouldbeconstructedin a cloudof " H2O
devices?Second,how shouldthesereplicasbeplacedacross



the H2O nodes?The focusof this studyis on the first topic.
Wemakethefollowingsimplifyingassumptionsin ordertoad-
dressthis topic. First,a H2Odevicedisplaysonestream.Sec-
ond,it is configuredwith hundredsof Gigabytes(GB) of mass
storageandmaycachetensof clips on its local storage.(A 2
hour DVD quality video is typically 3.5 GB in size.) Third,
we assumea centralizedstrategy which periodicallygathers
all the relevant profilessuchas frequency of accessandde-
cidesthe numberof replicasfor eachclip. This replication
strategy might bedeployed at a basestationresponsiblefor a
fixedgeographicalareacontaining����� devices.

The primary contribution of this paperis a near optimal
techniqueto computethenumberof replicasfor a clip # pro-
portional to the squareroot of the productof its bandwidth
(
�	�

) andfrequency of access(
���

): $ �	� � ��� . Using analytical
and simulationstudies,we demonstratethis techniquemax-
imizes the numberof simultaneousdisplayssupportedby a
grid topology. Theanalyticalmodelsarea secondarycontri-
bution of this study. They areflexible enoughto approximate
the bandwidthrequiredto displayclip % with &�' replicasfor
bothsymmetric(square-shaped)andasymmetric(rectangular-
shaped)grids. In theworstcasescenario,anasymmetricgrid
might representastringtopology. Theanalyticalmodelsshow
themaximumnumberof simultaneousdisplayssupportedby
a H2O cloud is dependenton the sizeof the repositoryand
availablestoragecapacityof thesystem.Thesemodelscanbe
usedduringcapacityplanningin orderto meeta pre-specified
performanceobjective.

Ourproposedreplicationtechniquecomplementswebcache
serversandtheir employed techniquesto managestaticcon-
tent,i.e.,audioandvideoclips. Similar to our proposedrepli-
cation strategy, cacheservers strive to bring a copy of data
closerto a potentialconsumingclient. Onemay conceptual-
ize eachH2O device asbotha potentialconsumingclient and
a cacheserver for its neighboringhouseholds.Webcachere-
placementpoliciessuchasGreedyDual[15], andothers[2, 1,
4] capitalizeon the short-termtemporalcorrelationsin web
requestpatterns[18, 16]. Thesemight beextendedto manage
storageof H2O devicesin a decentralizedmanner. Our repli-
cationstrategy is centralizedwith advancedknowledgeof the
availablestorageandthepopularityof continuousmediaclips
to bereplicatedacrossdevices. Designof decentralizedtech-
niquesis a futureresearchdirection.Theproposedcentralized
techniqueis nearoptimal andcanbe usedasa yard stick to
evaluatea decentralizedtechnique.

In anearlystudy, we evaluatedalternative replicationtech-
niquesfor " H2O devices organizedin a string topology,
see[12]. Its primary contribution was to show that a tech-
niquebasedon Webster’s Monotone1 Divisor Method[19] is
inferior to a techniqueemploying the square-rootof the fre-
quency of access.i.e.,a techniqueemploying

� � � � � is inferior
to
��� � $ ��� . We extendthis earlystudyto considera technique

basedon
��� � � � � �  . We show this techniqueto provide either

comparableperformanceor outperformsa techniquebasedon� � � $ � � when ���(�)� � , seeSection4. Moreover, theanalytical
modelspresentedherearea generalizationof thosedescribed
in [12] becausethey modelbothanarbitraryshapedgrid and

1Webster’s Method and its alternatives due to Hamilton,
AdamsandJeffersonallocatestorageto eachreplica(assign
seatsto a party)asa functionof its popularity(ratio of votes
castedfor a partyto thetotal vote).See[14] for details.

astringtopologies.
Therestof this paperis organizedasfollows. In Section2,

weprovideaformalstatementof thereplicationproblem.Sec-
tion 3 providesananalyticalmodelto estimatethebandwidth
requiredto streama clip with & replicas.Section4 usesthese
modelsto comparethe proposedreplication techniquewith
otheralternativesandarandomstrategy thatdecidesthenum-
berof replicasfor eachclip usingarandomnumbergenerator.
Obtainedresultsdemonstratethat someof the alternativesto
our proposedreplicationstrategy areasblind asusinga ran-
domnumbergenerator. In Section5,wevalidateouranalytical
modelsusinga simulationstudy. Brief conclusionsandfuture
researchdirectionsarecontainedin Section7.

2. CLIP REPLICATION

DatabaseParameters* Numberof clips+ ' Sizeof clip %, ' Displaytime of clip %� ' Bandwidthrequiredto displayclip %� ' Frequency of accessto clip %&�' Numberof replicasfor clip %
SystemParameters" Numberof nodesin -/.10 by 23.10 grid,"4� � -5.(0 �6� 27.10 �- A grid has - +1 columnsnumberedfrom 0 to -2 A grid has2 +1 rows numberedfrom 0 to 28�9 �;: <6= Storagecapacityof ����� 9 �;: <>=?

Total storagecapacityin thegrid topology,@BAC�DFE @BGH DIE 8 9 C : H =
Analytical ModelsJFK � #ML�N � Numberof neighborwith distanceOQP from ����� 9 �R: <>=SJFK � #ML�N � Approximationformulafor numberof neighborwith

distanceOQP from ����� 9 �R: <>=T ' � #ML�N � Distanceto thenearestcopy of clip % from ����� 9 �R: <>=ST ' Averagedistanceto thenearestcopy of clip %
Table 1: Terms and their definitions

Assumea -U.V0 by 2W.V0 grid, i.e. agrid of -U.V0 columns
and 27.B0 rows, consistingof "X� � -Y.(0 � � � 2�.(0 � H2O
devices.Thereis a H2Odevice at theintersectionof eachrow
andcolumn. We identify eachdevice with its X andY co-
ordinates,H2O9 �;: <6= where �(OZ#[O\- and �(O]N^O_2 .
Two devices,say ����� 9 �R: <6= and ����� 9a` : bM= , maycommunicate
if their Manhattandistanceequalsone, i.e. c #ed(&fc�.3c Ngd+ ch�i0 , in otherwords,they arein thesameradiorangewhenj � #kd�& �Ml . � Nmd + �Mlon $ � . ����� 9 �R: <6= hasstorageca-
pacity 8 9 �;: <6= bytes. The total storagecapacityof the system
is
?

=
@ A� DFE @ G< DIE 8�9 �R: <6= . Thereare * clips in the database,

eachwith an averagebandwidthrequirementof
� ' andsize+ ' . Thesetwo parametersspecifythe displaytime of a clip,, ' = bMpq p . Thefrequency of accessto clip % is denotedas

� ' with@(r' Dts � ' �u0 . Thenumberof replicasfor clip % is denotedas&�' where 0vO�&�'VOw" ( &�' includestheoriginal copy of clip% ). A replicationstrategy determinesa &�' valuefor eachclip %
with theobjective to ensure" H2Odevicescandisplayaclip
simultaneously2. We assumethetotal sizeof thedatabaseex-
2A placementstrategy assignsa replicaof clip % to a specific



ceedsthestoragecapacityof aH2Odevice,
@ r ' Dts + 'yx 8�9 �R: <>=

for �1O_#gOZ2gLz�(O{N^O\- . Otherwise,the problemis
trivial andthedatabaseshouldbereplicatedon eachdevice in
its entirety. Similarly, we assumethereis at leastonecopy of
a clip in thesystemandthat thedatabasesizeis smallerthan
thetotal storagecapacityof thesystem,

@ r ' Dts + 'vO ?
. Oth-

erwise,clips cannotbe replicateddue to insufficient storage
capacity. In sum,a replicationstrategy mustconstructat least
onecopy of eachclip in thesystemandnomorethan" repli-
cas,0mO|&�'yO}" . Also thetotaldatabasesizeafterreplication
maynot exceedthetotal capacityof thenetwork:r~' D�s &�')� + 'yO ? (1)

2.1 Near Optimal Number of Replicas
Thegoal is to computethenumberof replicasfor eachclip

suchthatthesystemcansimultaneouslysupportthemaximum
numberof displays.In otherwordswe want to minimize the
expectedtotalbandwidthrequiredtosupportsimultaneousdis-
plays.Thelaststatementis formulatedasfollows:�v�a�� `�� b � D�� � r~ � Dts � � � � ST �6� (2)

wherethe sizeandbandwidthrequirementof clip # , arede-
notedby + � and

� �
, respectively, and

� �
is the frequency of

accessto the clips.
ST �

is the averagedistanceto the near-
estcopy of clip # in thegrid (seethediscussionsof Equation
7). Minimization of Equation2 is subjectto theconstraintof
Equation1. In thefollowing weprove thatreplicationof clips
proportionalto $ ��� � ��� is nearoptimal becauseit minimizes
Equation2. A strategy to replicateclips accordinglyis asfol-
lows. First, it employs the availablestoragecapacityof the
systemto approximatethenumberof replicasfor eachclip k:&�'�� ?@ r� Dts + �M���	� � �����  
���� ')� � ' �  Lk������&������B�)� � (3)

If &�' is lessthan1 thenit is resetto one.If it exceeds" thenit
is resetto " . Once &�' is computedfor all clips, thetotal stor-
agerequirementof the databasemight be either lessthanor
greaterthan

?
. Considereachcasein turn. If thefinal storage

requirementis lessthan
?

thenit computestheremainingidle
storage

? � � K�� . Next, it removes thoseclips with " replicas
(changesthe valueof * ) andre-appliesthe replicationstrat-
egy by using

? � � K�� insteadof
?

. If thefinal storagerequire-
mentexceeds

?
, it decrementsthevalueof &�' startingwith the

clip thathasthemaximum &�' value. Whenseveralclips have
identical & ' values,it choosestheclip with thelargestsize. If
severalclips qualify thenoneis chosenrandomly.

In orderto simplify discussionsandwithout lossof general-
ity, we first prove this for a stringtopology. Subsequently, we
extendthis to a symmetricgrid topology. Eachproof assumes
a homographicfunction to model

ST �
. This assumptionis not

realistic;However, it enablesusto prove theoptimality of our
claim for �u���)� � . Equation 7 derives the correctvalueofST �

andhasno closedform. Sections4 to 7 presentseveral
instancesbasedon analyticalandsimulationmodelsto sub-
stantiateourclaimof near-optimalitywith �}�(��� � . Of course

node.An investigationof thesestrategiesis beyondthefocus
of this study.

othervaluesof � , say �Q���)� �h�� , might provide superiorper-
formance.

THEOREM 1. With a " by 0 grid, i.e., a string topology, a
techniquethat computesthenumberof replicasfor each clip #
proportionalto its $ �	� � ��� is nearoptimal.

PROOF. First stepis to computetheaveragedistanceto the
nearestcopy of clip # , ST � , for each 0�OB# O * , seeEquation
7. We provide an approximationwhich can be represented
in a closedform. To motivate this approximation,consider
different & � values:1,0," ,and"Yd|0 . With a stringtopology
and just onereplicaof clip # , an optimal placementstrategy
placesthis replica in the middle of the string. In this case,
thereare2 pathsof eachlength P , where � n P!OZ�v� sl and
just onepathof length0. So the averagelengthof the path
betweentheclient andthereplicawill be:ST � � @����f��K DIE ��P� 
 ��� sl .10 � "/d|0� ����� J & � �i0
Whenthereareno replicasof a clip in thenetwork ( & � =0),

ST �
is infinite. At the other extreme,with " replicasfor clip #
then

ST � �(� . With "�d[0 replicasfor clip # , ST � � s� because
thereare " d�0 pathsof length0 andonepathof length1.
Thus,we usea homographicfunction to approximatetheav-
eragedistancebetweena client anda replicaof its referenced
clip,

ST � � ��� `¢¡£ ` ¡ . By usingthis functionin our minimization
problem,we obtain:�v�a�� `�� b � D�� � ¤ � r~ � Dts ���;��� "/d�& �� & � �
In orderto solve theabove minimizationproblemwe take the
derivative of ¥ with respectto & � ’s: ¦�§¦ ` � �¨¦�§¦ ` � �©�a�a�ª�¦�§¦ `¢« �(��� By consideringthefirst equalitywe obtain:¬® ¦�§¦ ` � ¦¦ ` � ¯±° s³²�s �v� ` �£ ` �_´�µ r � s� D l ° � ² � ��� ` ¡£ ` ¡

´ ° r ² r ��¶ b «· � � « �f�¡¹¸ ��º ¡ q ¡ �»��¼ ¡½ ¼ ¡Y¾ s£h¿ ¾ ° sM²�s �£ ` � � ´ ��¶ b «À · � � « �f�¡Á¸ � º ¡ q ¡ �»��¼ ¡½ ¼ ¡�Â �Ã ° sM²�s �£ ` � �  �v¶ b «À · � � « �f�¡Á¸ � º ¡ q ¡ ����¼ ¡½ ¼ ¡ Â �
(4)

Similarly for thesecondequalitywe have:� l � l "� & l l � "�� + rÄ�Å d @ r � s� Dts ������� �v� `¢¡£ `¢¡WÆ l (5)

By combiningEquations4 and5, we obtain:
` �` � �_Ç º � q �º � q � .

Similarly for any # andN it canbeshown that:
` ¡`�� � Ç º ¡ q ¡º � q �

THEOREM 2. In a 2�.10 by 27.w0 grid network,$ �	� � ���
computesthenearoptimalnumberof replicasfor each clip.

PROOF. Onceagain,considerthevalueof
ST �

with fourdif-
ferent & � values:0, 1, "Èdw0 , and " . Thevaluesanddiscus-
sion for & � values0, "Èd(0 and " arethesameastheproof



for Theorem1 (andnot repeatedhere).It is differentfor 1 be-
causeof thediamondshown in Figure1.a.With 1 replicaof a
clip placedin thecenterof a symmetricgrid topology, i.e., a
square,thenumberof pathswith length P , where PÉO]Ê �l , is:��Ë ��Ì ¸±Í £ K;Î�K� Ë ��Ì ¸�Í K � £ 9 Ê ��Ï s =Ð . Thefollowing homographicfunction

estimatesthe averagedistancebetweena client anda replica

of a clip:
ST � � £ 9 Ê ��Ï s = 9 ��� `¢¡ =Ð 9 �v� s = ` ¡ . By repeatingtheapproach

of Theorem1 usingthis expression,thenearoptimality of the
squareroot techniqueis proven.

3. ANALYTICAL MODEL
This sectioncomputesthe amountof bandwidthrequired

from anarbitrarygrid network topology, eithersquareor rect-
angular, to displayclip % . This analysisconsistsof two steps:
First, we computethe expecteddistancefrom eachH2O9 �R: <>=
nodeto a replicaof clip % with &�' copies, &�'ÒÑ\0 . This is
becauseeachH2O nodemight bea potentialclient for clip % .
This estimationis basedon anaverageandignorestheplace-
mentof % ’s replicas.Second,usingthis expecteddistance,we
computethe expectedamountof bandwidthrequiredto dis-
play clip % . Section4 presentsan experimentalmodel that
utilizes thesemodelsto estimatethenumberof simultaneous
displayssupportedby a grid consistingof " nodes.

To computethe expecteddistancefrom ����� 9 �R: <6= to the
nearestreplica of clip % , we count the numberof neighbors
for ����� 9 �R: <6= , seethediscussionsof Equations6 and8. This
is basedon thenumberof neighborsfor ����� 9 �R: <6= computed
asfollows. First, we placea diamondwith ����� 9 �R: <6= located
asits center. For example,in Figure1a,a diamondis placed
on ����� 9 Ð : Ð = . This diamondmay exceedthe dimensionsof
thegrid in sixteenpossiblescenarios.Onescenariois shown
in Figure1b with ����� 9 s : E = asthe centerof diamond. With
thisandtheother15scenarios,weemploy theprincipalof ex-
clusionandinclusionto accuratelycountthenumberof neigh-
borsthatareat most P hopsaway. Usingexclusion,we count
thosephantomnodesthatareoutsideof thegrid, seethedis-
cussionsof Equation10. Usinginclusion,were-includethose
phantomnodeswhich areexcludedtwice, seethediscussions
of Equation11. The closedform formula for the numberof
neighborsis shown in Equation12. Section4.3comparesthis
exactandsomewhatcomplex equationwith anapproximation
shown in Equation9. It makesthekey observationthatanap-
proximationmakesaninferior techniqueto appearbetterthan
its true capabilities. This is speciallytrue with asymmetric
topologies,e.g.,rectangulargrids. The following detailsour
analyticalmodel.

Assume&�' replicasof the %±Ó�Ô clip andlet
T ' � #ML�N � be the

distancefrom node ����� 9 �R: <6= to the nearestreplicaof clip %
in thenetwork. Let JFK � #ML�N � bethetotal numberof nodeswith
a distancelessthanor equalto P from ����� 9 �R: <>= . (We deriveJ K � #ML�N � in the following paragraphs.)The expectedvalueofT ' � #ML�N � is:Õ � T ' � #ML�N �M� � ~ K¹Ö E P 
V× � T ' � #ML�N � �(P � � ~ K¹Ö E × � T ' � #ML�N � xQP �

(6)
where

× � T ' � #ML�N � xQP � is theprobabilityof findingthenear-
estreplicaof clip % in a device that is morethan P hopsaway

1a.Numberof neighborsfor 1b.Numberof neighborsfor����� 9 Ð : Ð = with distanceOw� ����� 9 s : E = with distanceOw�
Figure 1: Number of neighbors for a specificH2O client
requestinga clip

from ����� 9 �;: <6= . Define ØT ' betheaverageof
T ' � #ML�N � across

all ����� deviceson thenetwork:ØT 'm� 0" A~ � DFE G~< DFE Õ � T ' � #³L;N �M� (7)

Placementof replicasis basedon a randomassignmentof &�'
replicasacross" nodes.A placementthatprevents ����� 9 �;: <>=
from locatingareplicawithin P hopsis identicalto placingthe&�' replicasacross" d JFK � #ML�N � nodes,i.e. excluding nodes
whosedistanceis eitherlessthanor equalto P from ����� 9 �R: <>= .
Thus:

× � T ' � #³L;N � xQP � �ÚÙÛÛÛÛÜ ÛÛÛÛÝ
Þß "/d J�K � #³L�N �&�' àáÞß " &�' àá &�'yO}"/d JFK � #ML�N �� â�ãM����&���# + �

(8)
In thefollowing we drive J K � #ML�N � . We begin by providing an
approximation

SJFK � #ML�N � by ignoring the edgesof the grid, i.e.
considerthegrid asinfinite in all directions.This meansthatS JFK � #ML�N � dependsonly on P :S JFK � #ML�N � �B��P l .|��P±.(0 (9)

To illustrate,in Figure1a,
SJ l � ��L³� � equals0�� , i.e. numberof

devices in the diamond. In thosescenarioswherethe center
of diamond,����� 9 �;: <>= is closeto thegrid’s edges,Equation9
overestimatesthenumberof neighbors.Figure1b is anexam-
ple where

SJ Ð � 0äL³� � computes��� insteadof 0�� . In orderto fix
thisdiscrepancy, 0�� phantomnodesdepictedwith dottedlines
in Figure1b mustbeexcludedfrom Equation9. It is trivial to
seethatthenumberof phantomnodesattributedto anedgeof
thegrid dependson thedistancefrom thecenterto thatedge.
If this distancefor anedgeis largerthan P thenthatedgedoes
not suffer from phantomnodes.Otherwise,let å � , LMP � be the
numberof phantomnodesattributedto anedge,and

,
be the

distancefrom thecenterto thatedge.Thefollowing boundary
functioncountsthenumberof phantomnodes:å � , L¢P � ��æ 0ç.Ò�e.1�è�è��.|� � P�d , � dÒ0�� � P�d , � l , n P� otherwise

(10)
For example,in Figure1b, thenumberof phantomnodesat-
tributed by the bottom edgeis å � ��L³� � � � �édu� � l �ëê .



(Bottom edgeis the one with ì value equalzero, top edge
is the onewith maximum ì value, left edgeis the onewithí ��� , andright edgeis the onewith maximum

í
value.)

Assumethecenterof thediamondis at ����� 9 �R: <6= in a -Y.(0
by 23.(0 grid. To computethenumberof nodeswith a max-
imum distanceof P from ����� 9 �R: <6= we subtractthe number
of phantomnodesattributedto the four edgesof thegrid, i.e.SJFK � #ML�N � d�å � #ML³P � d�å � NäLMP � d�å � -{dî#ML³P � d�å � 2wd�NïLMP � . Notethat
this formulais still incorrectbecausephantomnodesmightbe
countedtwice. For example, in Figure 1b, one nodeis ex-
cludedtwicebecauseit fallsat theintersectionof thephantom
nodesidentifiedfor both the bottomandleft edges.In order
to fix this limitation, the numberof suchnodesmustbe re-
includedonce.Thenumberof suchnodesdependsontherela-
tivepositionof ����� 9 �R: <6= to thecorners.Function8 � , s L , l L³P � ,
cornerfunction, countsthesenodes:æ �hð � ð�ñ¢ñ¢ñMð!ò Ì �eó � �eó � �!��ô ¸võ Ì �!ó � �eó �� ö ó � ðeó �ø÷ ÌÍ

otherwise

(11)
where

, s L , l aredistancesto theedgeswhich intersectat that
corner. For example in Figure 1b, the numberof phantom
nodescountedtwice is 8 � 0äLM��Lz� � �ù0 . By combining the
boundaryandcornerfunctions,we obtain the following for-
mula, which countsthe exact numberof nodesat a distance
lessthanor equalto P from ����� 9 �R: <>= :ú K�ûÁü�ý�þäÿ ��ú K�ûÁü�ý�þäÿ ¾ � ûÁü�ý��Áÿ ¾ � û þ�ý��¹ÿ ¾ � û�� ¾ ü�ý��¹ÿ ¾ � û�� ¾ þ�ý	�Áÿ´ 
 û¹ü�ýRþ�ý��Áÿ ´ 
 ûÁü�ý	� ¾ þ�ý��¹ÿ ´ 
 û�� ¾ ü�ý�þ�ý��¹ÿ´ 
 û�� ¾ ü�ý�� ¾ þ�ý��Áÿ

(12)
Equation6 computesthe expecteddistanceto the nearest

replica. To computethe expectedbandwidthconsumedby
the network to deliver the referencedclip, we multiply the
expecteddistanceto the nearestcopy from ����� 9 �R: <6= by the
bandwidthrequiredto displayclip % : � ' 
 Õ � T ' � #ML�N �M� .
4. AN EVALUATION USING THE ANA-

LYTICAL MODEL
In our experimentswe consideredtwo differentgrid types

consistingof " nodes:1) Symmetric, 2 �3-o� $ "©d10 ,
and2) Asymmetric, 2X� 0�L>- �/� l d�0 . (Recall that we
assumea grid consistingof 23.10 row and -Y.10 columns.)
Eachnodeis configuredwith 0è�ä� GB of storage.Thewireless
bandwidthbetweentwo nodeswith a manhattandistanceof 0
is
�

Mbps. We simulateda skewed distribution of accessto
theclipsusingaZipfiandistributionwith ameanof ��� �� . This
distribution is shown to correspondto saleof movie theater
ticketsin theUnitedStates[7].

We studiedthebehavior of grid topologieswith botha Ho-
mogeneousanda Heterogeneousrepository. A homogeneous
repositoryconsistsof * equi-sizedclips, eachrequiring

�
Mbpsfor its continuousdisplayandadisplaytimeof 0���� min-
utes.A heterogeneousdatabaseconsistsof

r l videoclips andr l audioclips. While videoclips continueto require
�

Mbps
for theirdisplay, audioclipsrequire� � � Kbps.Theaudioclips
are evenly divided amongthreesizes: thosewith a display
timeof � , � , and � minutes.Thevideoclipsareevenlydivided
amongfour sizes: thosewith a display time of �ä� , ��� , êä� ,
and 0���� minutes.We continueto usetheZipfian distribution
with a meanof �)� �� acrossall clips. Thus,if the * clips are
sortedbasedon their frequency of accessthen: 1) Thevideo
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2a.Worstof 100
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2b. Averageacross100
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2c. Bestof 100

Figure2: Alter native replication strategiesusingan asym-
metric topology with a heterogeneousdatabaseconsisting
of 1300two hour videoclips, * =1300,size= 1.4TB.



clipsareassignedto theoddpositionsin around-robinmanner
startingwith theshortestclip first: clip 0 is �ä� minuteslong,
clip � is ��� minuteslong, clip � is êä� minuteslong, clip  is0���� minuteslong,etc.,and2) Theaudioclips areassignedto
the even positionsin a round-robinmannerstartingwith the
shortestclip first: clip � hasa displaytime of � minutes,clip�

hasa displaytime of
�

minutes,clip � hasa displaytime of� minutes,etc.
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3b. Homogeneous-Symmetric,* � � ��� (1.37TB)
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3a.Heterogeneous-Asymmetric,* �u0è�ä�ä� (1.4TB)

Figure 3: A comparison of alternative replication tech-
niquesbasedon bandwidth.

An experimentstartswith the computationof the number
of replicasfor eachclip usingoneof the strategieswith the
availablestorageof " H2Odevices.Next, eachnoderequests
a clip usinga randomnumbergeneratorconditionedbasedon
the Zipfian distribution of access.We employ the analytical
modelof Section3 to estimatethe expecteddistanceto find
a requestedclip for eachnodein thenetwork. By multiplying
thisdistanceto thedisplaybandwidthrequirementof aclip we
obtainthe total bandwidthwhich is consumedin thenetwork
in orderto streamanddisplaytherequestedclip. Thesimula-

torschedulesrequestsstartingwith arandomlychosennode.It
continuesthisprocessuntil eitherall nodeshaveanactivedis-
play or theavailablebandwidthis exhausted.Thenumberof
schedulednodesis thenumberof simultaneousdisplayssup-
portedby a replicationstrategy. In the reportedexperiments,
we invoked the above procedure100 timesandobserved its
averagenumberof displays. Eachiteration is with a differ-
entseedfor therandomnumbergeneratorwhich changesthe
identity of a clip referencedby a node(conditionedusinga
Zipfiandistribution).

As ayardstick,wealsoanalyzedaRandomreplicationstrat-
egy thatdeterminesthenumberof replicafor a clip randomly.
Its detailsareas follows. This techniquerandomlychooses
a clip andassignsit a randomnumberof replicas. If the to-
tal numberof replicasfor a clip equals " , the numberof
nodes,then this clip is removed from further consideration.
Notethatthesameclip mightbechosenrepeatedlydueto ran-
domchance.Theterminationconditionof randomis reached
wheneitherthetotalstoragecapacityis exhausted," replicas
arecreatedfor all clips, or fragmentationof disk spacepre-
ventsconstructionof additionalreplicasbecausethe size of
clipsexceedstheremainingstorageof anode.

We conductedmany experiments.We organizethe follow-
ing subsectionsbasedon the lessonslearnedfrom theseex-
periments. Theselessonsare as follows. First, replication
techniqueof Section2.1 is superiorto its alternatives based
on eitherdisplaytime or sizewith a heterogeneousdatabases.
This is demonstratedin Section6 usinga closedsimulation
study. Second,replicationtechniqueof Section2.1 is supe-
rior to other alternatives that employ

� �
and

� �
in different

combinations.Third, the exact computationof Equation12
is worth its complexity. An approximationwould causeanin-
ferior techniqueto appearbetterthanits truecapabilities.

4.1 A Comparison of Alter native Replica-
tion Strategies

Insteadof usingbandwidth,onemayemploy eitherdisplay
time or sizeof a clip to determineits numberof replicas,e.g.,
with size,we use $ + � � � � insteadof $ � � � � � in Equation3. In
all ourexperiments,thereplicationtechniqueof Section2.1ei-
theroutperformsor providesthesameperformanceastheseal-
ternativesandRandom.With a homogeneousdatabase,repli-
cationusingeithersizeor displaytime performsthesameas
bandwidth[12] becausebandwidthis a function of sizeand
display time, i.e.

�	� � b ¡� ¡ . Moreover, all techniquespro-
vide a similar performancewhen either bandwidthis abun-
dantor the repositoryis sosmall that it canbe replicatedag-
gressively. Thus,we presentresultsfrom the heterogeneous
databasewherebandwidthis scarce.Figure2 shows thenum-
berof simultaneousdisplayssupportedby $ � � � � � , $ , � � � � and$ + � � ��� asa function of the numberof nodesfor a heteroge-
neousdatabaseconsistingof 0����ä� clips. This repositoryis 1.4
Terabytes(TB) in size.Eachnodeis configuredwith 100GB
of storage.Basedon the 100 iterationswith a different ran-
domseedfor generationof request,Figure2 shows theworst,
average,andbestof these100experiments.This is anasym-
metricconfigurationandwevary thesystemsizefrom � 
 0è�
to � 
 �ä� H2O devices. This increasesthe storagecapacity
of thesystemfrom 1.9 to 10.9TB. Ideally, thereshouldbea
linear increasein the numberof simultaneousdisplayssuch
that 0ä0è� displaysaresupportedwith the � 
 ��� configuration.



This can be achieved if the requestsissuedby the H2O de-
vices closely matchthe expectedfrequency of accessto the
clips. This is shown in Figure2c wherethebestsequenceof
requestswith $ ��� � ��� increasedalmostlinearly. Whenthedis-
tributionof requestsdoesnotmatchdueto theuseof arandom
numbergenerator, a higherbandwidthis consumedby those
requestsreferencingthe lesspopulartitles. This exhauststhe
availablebandwidth,resultingin a sub-linearincreasein the
numberof simultaneousdisplaysas a function of the num-
ber of nodes,seeFigures2a and2b. The $ �	� � ��� replication
constructsthe nearoptimal numberof replicasfor eachclip
andmaximizesthe utilization of availablebandwidthto out-
performotherstrategies. Beyond �� nodes,both $ , � � ��� and$ + � � � performthesameasRandom.
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4a.Homogeneous-Asymmetric,2
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Figure 4: Number of simultaneousdisplays as a function
of the number of clips.

Themainobservation from theseresultsis that thereplica-
tion classof techniquesbasedonbandwidth(

�	�
) is superiorto

thosebasedon eithersize( + � ), displaytime (
, �

), or random.

4.2 A comparisonof alternative strategies
usingbandwidth

We comparedthereplicationtechniqueof Section2.1with
thefollowing simpleralternatives:

1. Bandwidth: replicatesclips proportionalto their band-
width by using

� <
insteadof

��� < � � < �  in Equation3.

2. Bandwidthandfrequency of access:Is similar to Web-
ster’s Divisor methodandreplicatesclips proportional
to their bandwidthand frequency of accessby using�)< � �z< (employs �}�u0 insteadof �)� � in Equation3).

3. Bandwidthandsquare-rootof the frequency of access:
employs

�h< � j �>< insteadof
j �h< � �z< in Equation3.

Figure3 shows theaveragenumberof simultaneousdisplays
supportedby eachtechniqueasa function of the numberof
nodesacross100 iterations. The techniquebasedon band-
width alone(

� �
) is inferior to the other alternatives because

it assignsa highernumberof replicasto the leastfrequently
accessedvideo clip insteadof the most frequentlyaccessed
audioclip. For example,with 110nodes,it assigns7 replicas
to theleastfrequentlyaccessedvideoclip and1 replicato the
mostfrequentlyaccessedaudioclip3. This replicationis con-
tradictory to the objective of Equation2, enablinga random
replicationtechniqueto eitherprovide similar performanceor
outperformit. Theothertwo alternativesperformbetween

�	�
and $ ��� � ��� asthey incorporatefrequency of accessin a vari-
ety of ways. It is importantto notethata techniquebasedon�	� � $ ��� is competitive andis identicalto $ �	� � ��� with a sym-
metrictopology.

As oneincreasesthesizeof a repository(by increasingits
numberof uniqueclips) while maintainingthe sameamount
of storagepernode,thenumberof simultaneousdisplayssup-
portedby a H2O cloud decreases.Figure 4 shows this for
two differentconfigurations(asymmetricandsymmetric)for
a homogeneousrepository. Both repositoriesconsistof 0ä0è�
nodeswith 0��)� ê TB of storagecapacity. As we increasethe
numberof 2 hour video clips from 100 to 700, the reposi-
tory sizeincreasesfrom 351GB to 2.4TB. Thenumberof si-
multaneousdisplayswith asymmetrictopologyis higherthan
thatwith asymmetrictopologybecauseit offersmorenetwork
paths(and a higher amountsof network bandwidth). With
500clipsand $ �	� � ��� , thesymmetrictopologysupportstwice
asmany displaywhencomparedwith the asymmetrictopol-
ogy. Thedecreasein simultaneousdisplayswith $ ��� � ��� is less
dramaticthantheotheralternativesbecauseit approximatesa
nearlyoptimal numberof replicasfor eachclip. Onceagain,
a techniquebasedon

� � � $ � � providesa performancealmost
identicalto $ �	� � ��� .
4.3 A comparisonof exactandapproxima-

tion models
Wewantedto quantifythetradeoff associatedwith usingan

approximationto estimatethenumberof nodeswith adistance
lessthanor equalto P from ����� 9 �;: <6= . This is becauseEqua-
tion 9 (approximation)issimplerthanEquation12(exact).We
computedthe percentagedifferencebetweenthe numberof
simultaneousdisplayssupportedusingeachalternative. The
resultsobtainedform two different topologiesanda hetero-

3With $ �	� � ��� , thesenumbersare4 and15,respectively.
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5b. Heterogeneous-Symmetric,* =2250

Figure 5: Percentageerror attrib uted to useof an approx-
imation model.

geneousdatabasesare presentedin Figure 5. Thesefigures
show approximationmakesa naive techniquebasedon band-
width alone(

� �
) appearbetterthanits truecapabilities.This is

speciallytruefor asymmetrictopologies.With 110nodes,Fig-
ure5ashowsthe

� �
techniquethatreplicatesclipsproportional

to their bandwidthis 90%betterthanits truepotential.At the
sametime,othertechniquesdo not observe sucha percentage
improvement.As expected,theapproximationof Equation9
hasa lessdramaticimpactwith a symmetrictopology. This is
becausethenumberof phantomnodesis minimizedwith this
topology. Theseresultsjustify thecomplexity of Equation12
to accuratelyestimatethenumberof nodeswithin a fixeddis-
tanceof ����� 9 �;: <>= .
5. VALID ATION

In orderto validateour analyticalmodels,we useda sim-
ulator for both static and mobile networks. This simulator
modelsa different numberof nodesorganizedin alternative
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6a.Beforeadjustingfor bandwidthfragmentation
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6b. After adjustingfor bandwidthfragmentation

Figure 6: Validation of the analytical models for a
Homogeneous-Symmetricwith * =400clips

topologies. Eachnodewasconfiguredwith 100 GB of stor-
age.For eachtechnique,we computedthenumberof replicas
using the discussionof Section2.1. Next, we placedthese
replicasacrossthe nodesof a grid topology randomly. We
analyzedboth symmetricandasymmetricgrid topologiesas
follows. Eachnodechoosesa randomclip basedon theZip-
fiandistribution. Next, it invokesacentralizedadmissioncon-
trol techniquethateitheradmitsor rejectsthis request.In or-
der to admit the request,the admissioncontrol must reserve
a pathfrom a producingH2O device to the requestingclient.
(Admissioncontrol is detailedin Section6.) We assumea

�
MbpS bandwidthfor eachwirelessconnectionbetweentwo
nodeswith a manhattandistanceof one.

Figures6aand7ashow thepercentagedifferencebetween
the analyticaland simulationresultsfor different topologies
anddatabases,% diff = 0���� 
�� C���C K�� Ó ��� C K � b¢� r�� K C Ó ��� � �b¢� r�� K C Ó ��� � . Both
topologiesdeviatefrom theanalyticalexpectationdueto frag-
mentationof bandwidth: network bandwidthof someH2O
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7a.Beforeadjustingfor bandwidthfragmentation
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7b. After adjustingfor bandwidthfragmentation

Figure 7: Validation of the analytical models for a
Heterogeneous-Asymmetricwith * =1300clips

devicesremainsidle becausea pathcannotbeestablishedbe-
tweenH2O� andH2O� referencingthat clip. This is dueto
bottlenecksattributedto randomgenerationof requestswith
thesimulator. Theanalyticalmodelsof Section3 donotmodel
theserealitiesof a systemanddeviate.

In general,the amountof fragmentedbandwidthis higher
with anasymmetricconfiguration.It is30%for symmetricand
43%for asymmetric.Wesubtractedthisfractionfrom thetotal
bandwidthassumedby theanalyticalmodels,andre-invoked
theanalyticalmodelto obtainthenumberof simultaneousdis-
plays. Next, we computedthepercentagedifferencebetween
thisnumberandthosereportedby thesimulator. Theobtained
resultsarepresentedin Figures6b and7b. Theseresultsshow
theanalyticalmodelsof Section3 arefairly accurateoncethe
impactof bandwidthfragmentationis incorporated.

6. A CLOSED SIMULA TION STUDY
Thediscussionof Section4 focusesonthenumberof simul-

taneousdisplayssupportedby a replicationstrategy. In this
section,we usethe simulationmodelof Section5 to investi-
gatethe start-uplatency of the alternative replicationstrate-
gies.Theseresultsshow thenearoptimaltechniqueto almost
alwaysprovide a betterstart-uplatency whencomparedwith
otheralternatives.Thedetailsof oursimulatorandits obtained
resultsarepresentedbelow.

We useda closedsimulationmodelto measurethestart-up
latency observedwith our proposedtechnique.As a compari-
son,we alsoanalyzedtechniquesusingsizeanddisplaytime
where + < and

, <
areusedin Equation3 insteadof

�h<
, respec-

tively. We analyzedtwo systemloads:20%and90%. At the
beginningof thesimulationstudy, for agivensystemload(say
90%),90%of H2O deviceswerechosenrandomlyto request
a clip. The requestedclip waschosenusinga randomnum-
bergeneratorconditionedwith theZipfian distribution. Once
a H2O device completesits display of a clip, the simulator
choosesoneof the idle H2O devicesrandomlyto issuea re-
questfor anotherrandomlychosenclip. In essence,thethink
time betweensubsequentrequestsis zeroanda 90% load is
maintainedon the system. We employ a centralizedadmis-
sioncontrol to eitheradmitor rejecta new request.Uponthe
arrival of a new request,this componentidentifiesthe clos-
estserver containinga copy of the referencedclip. Next, it
invokes the ford-fulkersonalgorithmandfinds the pathwith
themaximumavailablebandwidthconnectingtheclient to the
server. If nopathsareidentifiedthenadmissioncontrolqueues
the new requestand waits for an active requestto finish its
display. Once this event is encountered,admissioncontrol
re-invokes the ford-fulkersonalgorithm to detecta potential
path on behalf of eachqueuedrequest. All thoserequests
with a candidatepath are scheduledfor display. Note that
the ford-fulkersonalgorithmmayproducemultiple candidate
paths.Theadmissioncontrolchoosesonerandomly.

The admissioncontrol may allocatebandwidthwhich is a
fraction of that requiredto displaya clip. In this case,it re-
quiresthedisplayingH2O to prefetchenoughdatato prevent
datastarvation. Assuming

Å � denotesthe numberof blocks
in a clip, the numberof prefetchedblocks is [11]:

Å�� �Å � d! �"$#&%�% ¡('�)�* ó",+ ¡ %.- Ì�/10 
 Å �32 , where ¥54 b�b¢��6 � � � is the bandwidth

allocatedby theadmissioncontrol, ¥87 �Áb � K C � is thebandwidth
requiredto displaythe clip, and

Å � is the numberof blocks
thatconstitutethereferencedclip. The time requiredto stageÅ �

on thedisplayingH2O device dictatesthestart-uplatency
encounteredby this display.

Table 2 shows the averagestart-uplatency observed with
threealternativereplicationtechniques:basedon $ �	� � ��� , $ , � � ��� ,
and $ + � � � � . Start-uplatency is definedas the elapsedtime
from when a requestfor a clip is issuedto the onsetof its
display. With a replicationtechniqueanda configuration,we
analyzed100randomplacementsof thereplicasproposedby
a techniqueacrossits availablenodes. For a placement,we
measuredthe numberof simultaneousdisplaysusingthe ex-
perimentalmethodologyof Section4 whereeachnodeissues
a requestandthe admissioncontrol componenteithersched-
ulesor rejectsthisrequest.Thiswasrepeated20timesto com-
putethe averagenumberof maximumsimultaneousdisplays
for a placement.Of the 100 placementsfor a technique,we
recordedthe placementthat resultsin the bestandworst av-
eragenumberof simultaneousdisplays.(We did not consider
theaveragebecausea placementout of 100might not berep-



Placement Replication Symmetric: 95:;9 , < =1300 Asymmetric: =>:?=A@ , < =2250
Technique 20%Load 90%Load 20%Load 90%LoadB ² ��C ° � 35.41 227.37 169.98 764.38

Best
B D �EC ° � 371.92 282.57 606.82 924.51B Fz�EC ° � 320.13 583.62 1270.25 2143.93B ² ��C ° � 475.14 788.71 736.29 1304.01

Worst
B D �EC ° � 423.75 708.94 1094.65 3376.21B Fz�EC ° � 634.89 1254.32 2054.84 4289.77

Table 2: Startup latency of alternative replication techniques with the best and worst placement for a heterogeneous
database.All reported timesare in Seconds.

resentative of thetrueaverage.)Next, we configuredour sim-
ulation modelwith eachplacementandmeasuredits average
responsetimefor 20%and90%workloads.For each,thesame
sequenceof requestsis issuedwith all replicationstrategies.

Table2 shows $ � � � � � provide eithercomparableor supe-
rior performancewhencomparedwith its alternatives. More-
over, it highlightsthe importanceof dataplacement.With all
replicationstrategies,thereis a significantdifferencebetween
observed latencieswith thebestandworst placementsfor all
configurations.The bestplacementprovidessubstantialsav-
ingsin theobserved latencies.Typically oneexpectsa higher
start-uplatency with a highersystemload.This is violatedby
replicationusing $ , � � ��� with its bestreplicaplacementacross
the symmetrictopology (start-uplatenciesof 371 with 20%
loadand282with 90%load).This is becauseacertaincombi-
nationof requestswith a 20%loadresultsin substantialfrag-
mentationof bandwidth,causingotherrequeststo wait for a
long time. This combinationis not repeatedwith a 90%load.

7. CONCLUSIONS
Theprimarycontribution of thisstudyis to motivatea fam-

ily of techniquesthatemploys
��� � � � � �  to determinethenum-

ber of replicasfor * continuousmediaclips that constitute
a repository. We analyzetwo membersof this family where� �^��� � and 0 . Our analyticalandsimulationstudiesdemon-
stratethesuperiorityof �W����� � . We areextendingthis study
in two directions. First, we areinvestigatinga decentralized
implementationof our proposedreplicationstrategy. Second,
we areinvestigatingplacementtechniques,which control the
assignmentof replicasto nodesin amannerthatmaximizesthe
utilization of a replica.Both extensionsmustconsiderhetero-
geneousH2O devicesoffering differentamountsof network
bandwidthandstoragecapacities.Finally, we areinvestigat-
ing extensionsof dynamicreplicationtechniques[17,5] to our
environment.
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