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Abstract

This paper explores three algorithms for high-performance downloads of wide-area, replicated data. The storage
model is based on the Network Storage Stack, which allows for flexible sharing and utilization of writable storage as
a network resource. The algorithms assume that data is replicated in various storage depots in the wide area, and the
data must be delivered to the client either as a downloaded file or as a stream to be consumed by an application, such as
a media player. The algorithms are threaded and adaptive, attempting to get good performance from nearby replicas,
while still utilizing the faraway replicas. After defining the algorithms, we explore their performance downloading a
50 MB file replicated on six storage depots in the U.S., Europe and Asia, to two clients in different parts of the U.S.
One algorithm, called progress-driven redundancy, exhibits excellent performance characteristics for both file and
streaming downloads.

1 Introduction

Advanced,wide-areastorageinfrastructuresare becomingincreasinglyin vogue[CSWH00, DKK
�

01, PBB
�

01,
RWE

�

01]. As with all wide-areanetwork infrastructures,they mustbeableto dealgracefullyandef�ciently with tran-
sient,permanentandunpredictiblefailures,whosecausescanrangefrom administrativereasonsto hardware/software
failuresto changingnetwork conditions.Thus,they typically provideprimitivesfor cachingandreplication,andper-
hapsmoreadvancedfeaturessuchasstripinganderasureencoding[HO93, WK02, Pla97]. Givenavarietyof waysto
storeinformationonsuchinfrastructures,thequestionof how to retrievedatamostef�eciently becomesachallenging
one.

Thispaperprovidesanexperimentalexplorationof thefollowing question:

Given a pieceof content (e.g. a �le) that is striped and replicated in the wide-area,how can that
contentbestbe delivered to a client?

Standardreplica-managementarchitectures(e.g. [RWE
�

01, CHM
�

02]) simply have theclient selecta replicaman-
ageranddownloadtheentire�le, or anentirestripefrom thatmanager. However, the rangeof downloadstrategies
that may be employed is extremely vast, especiallywhen the client agressively employs multiple communication
channels.In this paper, we explore threedownloadingalgorithmsthat attemptto provide simple,yet effective and
high-performancedownloadingmethodologiesin wide-areasettings.The goal is to provide insight to designersof
wide-areastorageinfrastructures,sothatthey mayimplementdownloadoperationsthatperformwell in thewidearea.
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However, themethodologiesareapplicablewheneverdatais distributedin thewide-areaandneedsto bedeliveredto
a client,andthusarerelevantto parallel,distributed,andGrid computing.

The paperis organizedas follows: In section2 we detail the Network StorageStackand Logistical Runtime
System,whichis ourinfrastructuretestbed.Thistestbedhasseveralfeatureswhichmakeit aninterestingexperimental
platform. In section3 we describethe downloadingstrategies whoseperformancewe explore experimentallyin
section4. We concludein section5.

The main resultof this paperis a simplealgorithmcalledprogress-drivenredundancy, which exhibits excellent
downloadingperformanceandcharacteristics,includingincreasedef�ciency asreplicasto dataareadded,anddelay-
minimal streamingperformance.

2 The Network Storage Stack and Logistical Runtime System

For our experimentalinfrastructure,we usetheNetwork StorageStackandLogisitcalRuntimeSystem,developedat
the University of Tennessee.The goal of the Network StorageStack(Figure1) is to layer abstractionsof network
storagethatallow writable storageresourcesto bepartof thewide-areanetwork in anef�cient, �e xible, sharableand
scalableway. Its model,which achievesall thesegoalsfor datatransmission,is theIP stack,andits guidingprinciple
hasbeento follow thetenetslaid outby End-to-Endarguments[SRC84,RSC98,BMP02]. Two fundamentalprinciples
of this layeringarethat eachlayer should(a) abstract the layersbeneathit in a meaningfulway, but (b) exposean
appropriateamountof its own resourcessothathigherlayersmayabstractthemmeaningfully(see[BMP01, BMP02]
for moredetailon this approach).

IBP

Logistical File System

Local Access

Physical

Logistical Tools

L-Bone exNode

Applications

Figure1: TheNetwork StorageStack

2.1 IBP

Thelowestlayerof thestoragestackthat is globally accessiblefrom thenetwork is the InternetBackplaneProtocol
(IBP) [PBB

�

01]. IBP is serverdaemonsoftwareanda client library thatallowsstorageownersto inserttheir storage
into thenetwork, andto allow genericclientsto allocateandusethis storage.The unit of storageis a time-limited,
append-onlybyte-array. With IBP, byte-arrayallocationis like a network malloc() call — clientsmay requestan
allocationfrom a speci�c IBP storageserver (or depot), and if successful,are returnedtrios of cryptographically
securetext strings(called“capabilities”)for reading,writing andmanagement.Capabilitiesmaybeusedby anyclient
in thenetwork, andmaybepassedfreely from client to client,muchlike aURL.

IBP doesits job asa low-level layerin thestoragestack.It abstractsaway many detailsof theunderlyingphysical
storagelayers:blocksizes,storagemedia,controlsoftware,etc.However, it alsoexposesmany detailsof theunderly-
ing storage,suchasnetwork location,network transienceandtheability to fail, sothat thesemaybeabstractedmore
effectively by higherlayersin thestack.
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2.2 The L-Bone and exNode

While individual IBP allocationsmaybeemployeddirectly by applicationsfor somebene�t [PBB
�

01], they, like IP
datagrams,bene�t from somehigher-layerabstractions.Thenext layercontainsthe L-Bone, for resourcediscovery
andproximity resolution,andtheexNode, a datastructurefor aggregation.Eachis de�ned here.

TheL-Bone(LogisticalBackbone)is adistributedruntimelayerthatallowsclientsto performIBP depotdiscovery.
IBP depotsregisterthemselveswith theL-Bone,andclientsmaythenquerytheL-Bonefor depotsthathave various
characteristics,including minimum storagecapacityanddurationrequirements,andbasicproximity requirements.
For example,clientsmay requestan orderedlist of depotsthat arecloseto a speci�ed city, airport,US zipcode,or
network host. Oncetheclient hasa list of IBP depots,it maythenrequestthat theL-BoneusetheNetwork Weather
Service(NWS) [WSH99] to orderthosedepotsaccordingto bandwidthpredictionsusinglivenetworking data.Thus,
while IBP givesclientsaccessto remotestorageresources,it hasno featuresto aid theclient in �guring out which
storageresourcesto employ. TheL-Bone's job is to provideclientswith thosefeatures.

The exNodeis a datastructurefor aggregation,analogousto the Unix inode(Figure2). Whereasthe inodeag-
gregatesdisk blockson a singledisk volumeto composea �le, theexNodeaggregatesIBP byte-arraysto composea
logicalentity thatmaybeusedlikea �le. Two majordifferencesbetweenexNodesandinodesarethattheIBP buffers
maybeof any size,andtheirextentsmayoverlapandbereplicated.Thus,theexNodeallowsusersandapplicationsto
createnetwork �les out of time-limitedandfailure-proneIBP allocationsin sucha way thatmuchstrongerproperties
(e.g. fault-tolerance,longerdurations)maybeachieved. ExNodesarerepresentedby XML encodings,manipulated
by anexNodelibrary. Like IBP capabilities,they maybepassedfrom client to client,anywherein thenetwork, with
no registrationfrom acentralauthority.

�� ��
����

�	

�

�
 Kernel

User space

The Network

exNode

inode

Disk
Blocks

IBP Depots

Local System
Capabilities

Block addresses

Figure2: TheexNodein comparisonto theUnix inode

2.3 The Logistical Runtime System

Thenext level in thestackaretoolsanda client library thatcomposetheLogisticalRuntimeSystem(LoRS).These
toolsallow usersto create,manipulateandusethenetwork “�les” supportedby theexNode.These�les resideon IBP
depotslocatedby theL-Bone.Thefunctionalitiessupportedby LoRSare:

� Upload: Createa network �le from a local �le, input streamor memorybuffer.
� Download: Getthebytesfrom a network �le andstorethemlocally or streamthemto anapplication.
� Augment: Add morereplicasto a network �le.
� Trim : Subtractreplicasfrom a network �le.
� Refresh: Extendthetime limits of theIBP allocations.

Notethatbothupload andaugmentallow theuserto stripeandreplicatethe�le in a very �e xible manner. More-
over, augmentandtrim allow theuserto routethe�le from onenetwork locationto another.
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2.4 Status

IBP, theL-Bone,theexNodeandtheLogisticalRuntimeSystemareall softwaresupportedby theLogisicalComputing
andInternetworking (LoCI) Laboratory(http://loci.cs.utk.edu ). The power of this suiteof softwarehas
beendemonstratedwith severalapplications:

� IBP-Mail is anapplicationthatallowsusersto mail large�les to otherusersby uploadingtheminto thenetwork,
andthenmailing theexNodeto therecipient.

� IBP-ster is anmediaplayerthatplaysaudioandvideo�les storedin IBP allocationson thenetwork. The�les
maybearbitrarily stripedandreplicated,andtheplayerperformsa streamingdownloadto play them.

� IBPvo is anapplicationwhichusersmayscheduleto recordtelevisionprogramsinto IBP allocations.Theuser
is sentanexNode,whichheor shemayuseto re-playtheprogramfrom thenetwork storagebuffers.

LoCI supportsa main L-Bone (http://loci.cs.utk.edu/lbone/cgi- bin/lbo ne_li st_vi ew.cgi )
thatcurrentlyis composedof 35 depotsat 17 locationsin theUnitedStates,EuropeandSingapore,servingover two
terabytesof network storage.Thesoftwarehasbeendesignedto runwithoutanL-Bone,or for usersto con�gure their
own, privateL-Bone.

3 The Challenge of Downloading

Giventhatcontext, let usnow focusupondownload. Supposea userhasanexNode�le, whosecontentsarestriped
and replicatedin IBP buffers spreadthroughoutthe world, and the userwantsto downloadthe entire �le to local
disk storageor to a streamingapplicationas quickly as possible. What strategy shouldthe LoRS download tool
use? This is a problemthat is easyto state,but hard to solve. Therearea wide variety of factorsthat make this
problemdif�cult, including changingnetwork conditions,transientfailures,heterogeneityin operatingsystemsand
working environments,differing buffer sizes,differing administrative decisions,etc. Add to this thePandora's Box
(seeSection3.1)of multipleTCPconnectionsbetweenapairof hosts,andthecomplexity of implementingadownload
functionalitythatdeliversoptimalperformanceis overwhelming.However, afterdiscussingtheissueof multipleTCP
streams,we presentsomesimple downloadingstrategies that shoulddeliver effective performancein a variety of
settings.

3.1 The Pandora's Box of Multiple TCP ConnectionsBetweenA Pair of Hosts

It is anunfortunatefact thatwhensendinga largeamountof databetweena client anda server, doingsowith some
numberof simulataneousTCPconnectionscanvastlyoutperformusingoneconnection.As a consequence,some�le
transfertools,suchasGridFTP[ABB

�

02] andbbftp [Fer02] allow theclientsandserversto performdownloadswith
multiplesimultaneousTCPstreams.As anexampleof thepossiblegains,in October, 2001,Cottrell reportedachieving
over100Mbpsthroughputfor a Trans-Atlantic�le transferusing40simultaneousTCPstreamsanda window sizeof
64kB.With only 10streams,thebandwidthwasunder30Mbps[Cot01].

Settingup clientsandserversto usemultiple streamsis a simpletask. IBP allows server ownersto specify the
maximumnumberof allowablesimultaneousconnections,andtheLoRStoolsallow usersto specifya total number
of threadsto performthedownload.As in Cottrell'sexperiments,at iGrid 2002(September, 2002in Amsterdam),the
LoRStoolswereableto demonstrateover 100Mbpson a Trans-AtlanticdownloadusinguntunedTCPimplementa-
tions(typically 8kB windows)andover200threads.

The problemwith multiple streamsis well-documented– they circumnavigateTCP's congestion-controlmecha-
nisms,andthereforedo not act well in underprovisionedor transientlycongestedenvironments[Tou95, ADG

�

00,
EHT00, Flo00]. As a result,someinstitutionstreatTCP-unfriendlyactivities, suchasmultiple streams,asakin to
a denial-of-serviceattack,andmaydisableserviceto theoffendingclient. In two separateIETF RFC's, the recom-
mendednumberof multiple streamsthata client shouldinitiate to a singleserver is two [Flo00] andone[ADG

�

00]
respectively. Thesuggestionis thatsingle-streamTCPperformanceshouldimprove in thenearfuture,perhapswith
self-modifyingwindow sizes[DMT02].
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Therefore,we have thePandora's box: On onehand,we may achieve excellentperformancewith a minimumof
effort by employing multiple streams,andon over-provisionednetworks thereareno adverseeffects. However, the
activity is TCP-unfriendly, andin thecommodityInternetmayleadto direconsequences.

As a result,in this paperwe will presentdownloadalgorithmsthatemploy eitheronestreamperclient-serverpair,
or two. The intent is to presentnumbersthat do not circumvent the congestion-controlmethodologiesof TCP, but
thathint toward thebetterperformancethatmaycurrentlybe achievedfrom multiple streams.Until thenetworking
communitydevisesa bettersolutionthanthecurrentone,we will haveto acceptthePandora'sBox asa given.

3.2 Download Algorithms

We restrict our attentionto a �le of size
�

. This �le is storedin its entirety at eachof � IBP servers, denoted�����������	�
�	�
. FromtheseIBP allocations,wecreate� exNodes,labeled� �
�������	� � � , suchthat ��� containsall replicas

from
� �

through
� � . We assumethat

��� � . While largervaluesof � would appearto bebene�cial, caremustbe
taken in how thereplicasareutilized. Indeed,morereplicasmeansmorepotentiallyparallelpathsto data,however
they alsomay increasethe probability that a slow server is selectedfrom which to download. How the algorithms
handlethis issueis fundamentalto their performance.

3.2.1 BasicDownloading Algorithm

Ourbasicdownloadalgorithmis astraightforward,adaptivealgorithm.SupposethatexNode � � is beingdownloaded.
The �le is broken into blocksof size � , and ��� threadsarecreatedsuchthat eachIBP server will be servicedby �
TCP streams(again,in this paper, � will be eitheroneor two). Eachthreadselectsa differentblock to download,
andall threadsstartdownloading. Whena threadis �nished with its block, it selectsa new block that is not being
downloadedby any otherthread,andworkson thatblock. If a downloadfails, thenthefailedblock becomesfreeso
thatanotherthreadservicingadifferentIBP servermayattemptto downloadit, therebygiving thedownloada degree
of fault-tolerance.

This algorithmis adaptive, becauseIBP serverswith high bandwidthto the client shoulddownloadmany more
blocksthanthosewith low bandwidth.Moreover, aslong astherearemany blocksto bedownloaded,thealgorithm
mayadaptto �uctuating network conditions.Theselectionof theblocksizeis of concern.Blocks thataretoo small
may suffer too much from the effectsof latency andoverheadin their downloads,while blocks that are too large
mayhinderthedegreeof adaptive load-balancingthatthealgorithmmayachieve. It will bea matterof experimental
explorationto determineanoptimalblocksize,andto seeif thatblocksizeappliesoverarangeof serversandclients.

3.2.2 StreamingConsiderations

LoRSdownloadscanbe to local �les, local memorybuffers,or directly to streamingapplications,suchasan audio
or videoplayer. Suchplayershave quanti�able needsin termsof sustainedbandwidth.For example,uncompressed
audiois typically consumedat1.38Mbps,while a typicalMP3�le requiresonly 0.125Mbps.Video�les areencoded
up to 300Kbpsfor onlinestreamingandup to 15 Mbpsfor DVD quality �les. Raw consumerdigital videocameras
outputvideoat approximately50Mbps.

Like moststreamingmediaplayers,the LoRS streamingdownloadtool employs a lookaheadbuffer to tolerate
variablenetwork latencies.First,someuser-speci�edportionof thebuffer is �lled, andat thatpoint theplayerstartsto
consumethebuffer. As longasthedownloadproceedswith enoughaggregatebandwidthandaslongasthevariability
in individual downloadsis low enough,the playermay play the �le with no problems.However, if the bandwidth
wanes,or aportionof thedownloadexhibitsverybadperformance,thentheplayertypically pausesuntil theslow data
arrives.If severalpausesoccurin rapidsuccession,theplayerwill appearto stutter. No framesaredroppedsincethe
downloadusesareliableTCPconnection.

Thus,our experimentswill re�ect streamingconsiderations,focusingon thedelaythat is inducedby variability in
theperformanceof individualblockdownloads.

3.2.3 AggressiveRedundancy

An obviousproblemwith thebasicalgorithmis thatoneor moreslow downloadscansigni�cantly hurt performance,
especiallywhenthedownloadis streamingto anapplication.A straightforward,yet ratherheavy-handedalgorithmto

5



solve this problemis to downloadeachblock simultaneouslyfrom morethanonedepot.We introducea redundancy
factor � , which is thenumberof threadsthatwill simultaneouslydownloadeachblock. We anticipatethat this will
lower thevariability of downloadtimesfor eachblockdownloaded,at theexpenseof theoveralldownloadbandwidth
(sinceapproximately���

�
� of thedownloadswill not contributeto theusefulwork of thedownload).

3.2.4 LessAggressiveRedundancy

Perhapsa betterideathanreplicatingdownloadsis insteadto monitortheprogressof eachthread'sdownload,andto
retryadownloadwhenit is deemedto beprogressingtooslowly. Thechallengeis thede�ne exactlywhat“too slowly”
means.Thefollowing is a simplealgorithmcalledProgress-DrivenRedundancy:

With progress-drivenredundancy, a progressnumber� is selectedalongwith a redundancy factor � , prior to the
download. The blocksarenumberedconsecutively, startingat zero,andeachblock is assignedan initial download
numberof zero.Whenevera threadattemptsto downloada block, it incrementstheblock'sdownloadnumber. When
a thread�nishes a block download,its next taskis to selecta new block to download. If thereis a block � with a
downloadnumberlessthan � thathasnot completedits download,andtherearemorethan � blockswith numbers
greaterthan � whosedownloadshave completed,thenthethreadselectsblock � to download. If thereareno such
blocks,thenthe threadworks on the next block whosedownloadnumberis zero. Whenall blockshave download
numbersgreaterthanzero,thenwhena threadhascompleteda download,it searchesfor thesmallestblock � with a
downloadnumberlessthan � , andworkson it.

Notethatall threealgorithmsarereallyvariantsof progress-drivenredundancy. Thebasicalgorithmmaybeviewed
asprogress-drivenredundancy with ���	� and �
��� . Similarly, aggressive redundancy maybeviewedasprogress-
drivenredundancy with �
��� .

4 Experimental Results

To testthevariousdownloadalgorithms,wereplicateda 50MB data�le on thefollowing IBP servers:

# Server # Server� �
TexasA&M (CollegeStation,TX)

���
Singapore���

Universityof Californiaat SantaBarbara
���

Universityof Tennesse(Knoxville, TN)���
HarvardUniversity(Cambridge,MA)

���
Surfnet(Amsterdam,NL)

We combinedthereplicasinto six exNodes,� � ����� � � , whereeach� � hasexactly � replicas,from servers1
����� � .

We thenattemptedto downloadtheexNodesfrom two separateclients:oneat theUniversityof Tennesseeandoneat
theUniversityof CaliforniaatSantaBarbara.Eachresultbelow is theaverageof many runsexecutedatvarioustimes
throughouttheday.

4.1 Download Bandwidth

Thedownloadbandwidthof thethreealgorithmsfor variousblocksizesis plottedin Figures3 and4. Note,thelegend
in Figure3 appliesto that andall following �gures. The performanceis clearly dependenton the location of the
clients,eachof which hasonenearbyserver amongthe collection: Server

� �
is on the samelocal areanetwork as

theTennesseeclient, andServer
� �

is on thesamelocal areanetwork astheSantaBarbaraclient. Accordingly, the
graphsin Figure3 show drasticperformanceimprovementsat exNode � � (Tennessee),andthe graphsin Figure4
show drasticimprovementsat exNode � � (SantaBarbara).

As shown by theleftmostgraphsin both�gures, thebasicalgorithm'sperformancepeakswhenthereplicawith the
nearbydepotis reached.Unfortunately, however, asmorereplicasareadded,its performancedropsdrastically. The
reasonis is thattheslow downloadof a singleblockcanpenalizetheoverallperformancedrastically. For example,in
onerandomlyselectedtest,whentheclient at UT downloadsexNode � � with onethreadperdepotanda block size
of 2MB, Server

���
(at Tennessee)is responsiblefor 17 of the25 downloads.After it completesits lastdownload,the

clientmustwait 1.7,2.5,4.0,7.3and103.7secondsfor thedownloadsfrom servers
� �

,
���

,
���

,
���

and
���

respectively.
Theaggressiveredundancy results(middlegraphs)show roughlythesamepeakperformanceasthebasicalgorithm,

but theperformancedrop-off occurswith lessfrequency. For example,with a block sizeof 128KB, theperformance
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1 Thread/depot. Blocksize: 128 KB
1 Thread/depot. Blocksize: 256 KB
1 Thread/depot. Blocksize: 512 KB
1 Thread/depot. Blocksize: 1 MB
1 Thread/depot. Blocksize: 2 MB

2 Threads/depot. Blocksize: 128 KB
2 Threads/depot. Blocksize: 256 KB
2 Threads/depot. Blocksize: 512 KB
2 Threads/depot. Blocksize: 1 MB
2 Threads/depot. Blocksize: 2 MB
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Figure3: Downloadperformanceto Tennesseeof thethreealgorithmsona replicated50MB �le.

from the SantaBarbaraclient staysconstantat roughly 50 Mbps for exNodes � � through � � . As the block sizes
increase,however, theprobability that two slow depotswill beresponsiblefor a largeblock increases.For example,
whendownloading� � from SantaBarbarawith 1 threadperdepotanda blocksizeof 2 MB, theoverallperformance
of thedownloadis penalizedwhentheHarvardandSingaporedepotsareresponsiblefor block#1,whicharrivesfrom
Singaporeover7 secondslaterthanall theotherblocks(at thatpoint, theHarvarddownloadhadnotevencompleted).

Theprogress-drivenresults(rightmostgraphs)havethemostdesirableproperties.Theabsoluteperformancenum-
bersin all casesareslightly betterthantheothertwo algorithms,andmoreimportantly, theperformancedoesnotdrop
asmorereplicasareadded.Thereasonthatthis is importantis thatto optimizetheothertwo algorithms,somenotion
of proximity will berequired,beit onlinemonitoringandforecasting,or useof anexternalmonitoringentity suchas
theNetwork WeatherService[WSH99]. With progress-drivenredundancy, theself-adaptingnatureof thealgorithm
allowstheclientto simplytry downloadingfrom all replicas,in orderto gainthebene�tsof �nding theonethatclosest
withoutbeingpenalizedby downloadingfrom toomany servers.

The effect of the block sizeon the downloadis variable. Whenthe performanceof all servers is roughly equal
(asin � � through � � from Tennessee),the improvementsfrom downloadinglargeblocksis thesigni�cant factorin
improving performance.However, when the variability of downloadtimes is heightened,asoccurswhena high-
performanceor low-performanceserver is added(suchas � � and � � respectively from Tennessee),thenin the �rst
two algorithms,largeblocksizesbecomeaproblem,andthesmallerblocksizesperformbetter. With progress-driven
redundancy, when thereis a high-performanceserver, it is unlikely that multiple low-performanceserverswill be
responsiblefor a singleblock's download. For that reason,the large block sizesperformwell evenwhenthereis a
greatdisparityin serverdownloadspeeds.

Althoughwe did not testblock sizesgreaterthan2 MB, we anticipatethat they will performbetterwith progress-
drivenredundancy.

4.1.1 Changing � and �
To assesstheeffectsof changing� on theaggressive downloadalgorithm,we measured� ��� and � in the Santa
Barbaradownloads. The resultsare in Figure5. As would be expected,this reducesthe drop-off asmorereplicas
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Client: SantaBarbara
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Figure4: Downloadperformanceto SantaBarbaraof thethreealgorithmsona replicated50MB �le.
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Figure5: Theeffectof altering � on theSantaBarbaradownloads

aredownloaded,dueto thefactthatthevariability in individualblockdownloadsis decreased.An unforseeneffect is
that theoverall peakbandwidthappearsto stayroughlythesame.Thereasonis thatdueto thesmallnumberof TCP
streams,theavailablebandwidthto theclient hasnot beensaturated.Werewe to employ moreparallelTCPstreams,
we anticipatethattheoverallbandwidthwould lessen.

Figure6 displaystheeffect of setting � to 3, 6 and9 in theTennesseedownloads.The changeis minimal as �
is increased,exceptthedownloadbandwidthgoesup slightly as � increases.For example,themaximumbandwidth
with �
��� is 71.9Mbps,while for �
��� , it increases10%to 79.3Mbps.

4.2 StreamingPerformance

We alsotestedthestreamingperformanceof thesedownloads.While averagebandwidthis indeeda valid measureof
performance,therearetimes,for exampleshowing multimedia,whenthedownloadneedsto maintaina certainbase
performance.For eachtestdisplayedabove, we alsocalculatedthedelaythat thedownloadwould inducewereit to
beconsumedata speci�edrate.Thesecalculationsarein Figures7, 8 and9. In thesegraphs,� ��� and �
� � .

For eachdownload, we assumedthat the applicationallowed � ve secondsfor buffering beforeconsumingthe
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Figure6: Theeffectof altering � on theTennesseedownloads
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Figure7: Streamingdownloadperformanceto Tennesseeat1.3Mpbs(5 secondprebuffering)

bytes.Thenthebyteshave to bepresentat theclient at thespeci�ed rate.For example,at 1.3Mbpsanda block size
of 128KB, thesecondblockmustbecompletelydownloadedat

� ���������� � �	� �	
 � ��� ���
� secondsaftertheprebufferingphase.
Otherwisea delaywill beinduced.

Figures7, 8 and9 plot theaveragedelayperruncalculatedin thismanner, plus0.1second(sothata log scalemay
beusedto plot theresults).Thusa valueof 0.1 in the�gures correspondsto thecasewherethereis nodelay.

Figure7 displaystheperformancewhenthe�le is to beconsumedat1.3Mbps,thespeedof anaudioplayerplaying
uncompressedaudio.As would beexpectedfrom thepreviousgraphs,thebasicalgorithminduceslargedelayswhen
playingreplicated�les. This is becauseveryslow downloadsof blocksmayoccurwith no redundancy. This effect is
morepronouncedwith largerblock sizes.aggressive redundancy is ableto counteractthis effect in almostall cases,
andprogress-drivenredundancy keepsupwith therequiredrateof thedownloadin all cases.

Figure8 showsa rateof 15 Mbps,thespeedof high-qualitycompressedvideo. Now thebasicalgorithmcanonly
maintainthe ratewith no delayin oneor two cases,while aggressive redundancy keepsup with eitherlargeblocks
andlittle replication,or smallblocksanda lot of replication.Progress-drivenredundancy (with a2 MB blocksizeand
two threadsperdepot)candeliver therequiredperformancewith nodelayin all levelsof replication.

Finally, Figure9 showsarateof 50Mbps,whichis theuncompressedspeedof somevideocameras.At thisrate,the
basicalgorithmis unusable,inducingveryhigh delays.aggressiveredundancy is only successfulwhentheTennessee
IBP server is partof thedownload. Progress-drivenredundancy, on theotherhand,cansustain50 Mbpswith 2 MB
block sizes,two threadsper depot,andthreenon-localreplicas. This is signi�cant, becausethe overall bandwidth
of thedownload(Figure3) is only 39.5Mbps. Given theprebuffering of roughlyhalf the �le, theslower download
proceedsat anevenenoughpacethat50Mbpsis sustained.
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Figure8: Streamingdownloadperformanceto Tennesseeat 15Mpbs(5 secondprebuffering)
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Figure9: Streamingdownloadperformanceto Tennesseeat 50Mpbs(5 secondprebuffering)

5 Conclusions

Wehavedetailedanarchitecturethatallowsdatato bestoredin time-limitedstoragedepotsin thewidearea.Onenovel
featureof this architectureis theability to replicatedataanddownloadit to multipleclientsin avarietyof ways.This
paperexploresthreealgorithmsfor downloadingreplicated�les, andteststheirperformancein awide-area(global,in
fact)setting.

As displayedby the results,an adaptive algorithmthat usesa simplemetric to retry slow downloadsexhibited
excellent performanceand desirableperformancecharacteristicsdownloadingto clients in Tennesseand in Santa
Barbara.Thesecharacteristicsinclude:

� Increasingdownloadbandwidthasmorereplicasareaddedto thedata,regardlessof thespeedof thereplicas'
servers.

� Goodsustaineddownloadratesfor streaming,which allow mediaplayersto streamcontentin real time from
wide-areaservers.

Theprogress-drivenalgorithmis currentlyimplementedin theLoRStools,whichareexportedasopen-sourcetoolsto
thecommunity, not only for their use“out of thebox,” but asvehiclesfor researchon issuessuchasthoseaddressed
by thispaper(seehttp://loci.cs.utk.edu for detailson thetools).

We will continueto explorealgorithmsandmethodologiesfor managingdatawith high performanceon thewide
area.We anticipatethattheperformanceof downloadscanbene�t from two furtherprinciples.First,wehave ignored
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theability to performmonitoringandforecastingof communicationdata.Onelessonlearnedfrom this paperis that
whenretryingadownload,it is bestto retryit from afastserver. Thisis becausethefactthatadownloadneedsretrying
meansthat its progressis slow. A fastserver is requiredto “catch it up.” By employing a forecastingmethodology
suchastheNetwork WeatherService,wecanlikely improveperformancemoreby characterizingserversas“f ast”and
“slow” andtherebyonly performretriesfrom fastservers.If theforecastsarereliableenough,wemayalsobeableto
scheduledownloadsfrom slow serversthatwill belikley not to needretrying.

A secondwayto improveperformancemaybeto employ error-correctingcoding,asin Digital Fountain[BLMR98].
Insteadof downloadingblocksandretryingslow blocks,thedownloadtool maydownload� datablocksand� coding
(e.g. parity) blocks. Then insteadof retrying slow blocks, the tool may insteadcalculatethem from the already-
downloadeddataandcodingblocks.Theselectionof � and � will beparametersfor experimentalstudy.

Downloadingis the�rst tool whoseperformancewe have explored.Uploadingandaugmentingarethenext tools
deservingof attention.Adding to thecomplexity of thesetoolsarethefact thatdataplacementstrategies,aswell as
actuallymoving thebytes,will beimportant.
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