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Abstract

Thechallenge of efciently retrieving les that are bro-
keninto sgmentsandreplicatedacrossthe wide-aeais of
primeimportanceto wide-area, peerto-peerand Grid le
systemsTwo differingalgorithmsaddressinghis challenge
havebeenproposedand evaluated. While both havebeen
successfuin differing performancescenarios,there has
beenno unifyingwork that canview bothalgorithmsunder
a singleframevork. In this paper we de ne sud a frame-
work, where downloadalgorithmsare de ned in termsof
four dimensions:the numberof simultaneousiownloads,
thedegreeof workreplication,thefailover strategy, andthe
serverselectionalgorithm. We thenexplore the impact of
varyingparametes alongead of thesedimensions.

1. Intr oduction

In wide-areapeerto-peerandGrid le systemg6-9,11,
13,16-18], the storagesenersthathold datafor usersare
widely distributed. To toleratefailuresandto take advan-
tageof proximity to a variety of clients, les on thesesys-
temsaretypically brokeninto blocks,which arethenrepli-
catedacrosshe wide area.As such,clientsarefacedwith
anextremelycomplex problemwhenthey desireto access
a le. Speci cally:

Givena le that is partitioned into blocks that
arereplicatedthr oughouta wide-area le sys-
tem, how can a client retrieve the le with the
bestperformance?

This problemwasnamedthe “Plank-Beck” problemby
Allen and Wolski [1], who denotedit as one of the two
representatie datamovementproblemsfor computational
grids. In 2003,two majorstudiesof this problemwerepub-
lished[1,12], andeachpresented differentalgorithm:

A greedy algorithm where a client simultaneously
downloadsblocksof the le from randomseners,and

usesthe progressof the downloadto specifywhena

block's download should be retried. This is termed
Progress-DriverRedundancy12].

An algorithm where the client serially downloads
blocks from the closestlocation and usesadaptve
timeoutsto determinewvhento retryadownload.[1] In
thispaperwe call thistheBandwidth-PedictionStrat-

egy.

In a wide-areaexperiment, Allen and Wolski shaved
that the two algorithmsperformedsimilarly in their best
caseq1], but their performancecould differ signi cantly.
Beyond that conclusion,neithertheir work, nor the work
in [12] lendsmuchinsightinto whythealgorithmsperform
the way they do, how they relateto one anotherin a more
fundamentaimanner andhow one candraw generalcon-
clusionsaboutthem.

In this paper we attemptto unify this work, providing a
framawvork underwhich both algorithmsmay be presented
and compared. We then explore the following four facets
of the framewvork and how their modi cation and inter
operationmpactperformance.

1. Thenumberof simultaneousiownloads.

2. Thedegreeof work replication.

3. Thefailoverstrateyy.

4. Theselectionof sener schedulingalgorithm.

We concludethat the two most importantdimensions
of downloadingalgorithmsarethe numberof simultaneous
downloads,andthe sener selectionalgorithm. The others
do impactperformanceput the extent of their impactde-
pendsonthe numberof downloadsandthe sener selection
algorithm.



2. Framework

In this section, a framewnork is built under which
Progress-Drien Redundang and the Bandwidth-
Prediction Stratgyy can both reside. The object of
this exerciseis not to prove ultimately that one approach
is betterthanthe other, but insteadto obsene the waysin
which the two algorithmsare similar anddifferent,andto
explorethe successfuhspectof eachalgorithm.

Givena le thatis partitionedinto blocksthatarerepli-
catedthroughouia le systemthechallengeof retrieving it
is composeaf four basicdimensions:

The number of simultaneousdownloads How mary

blocksshouldberetrievedin parallel?Thetrade-of in

thisdecisionis asfollows: toofew simultaneouslown-

loadsmayresultin theincomingbandwidthnotmatch-
ing thatof theclient, andin the lateny of downloads
having too greatan impact; while too mary simulta-
neousdownloadsmay resultin congestion eitherin

the network or at the client. We quantify the number
of simultaneousilownloadsby the variable , assi-

multaneousiownloadsare usuallyimplementedwith

multiple threads.

The degree of work replication: Overall, what per
centageof thework shouldberedundantVe assume
thatblocksareretrievedin their entirety or notat all.
Thus, when multiple retrievals of the sameblock are
begun, ary datacollectedin additionto onecomplete
copy of theblock from onesourceis discardedin our
study work replicationis parameterizedby the vari-
able , which is the maximumnumberof simultane-
ousdownloadsallowedfor ary oneblock.

The failover strategy: When do we decidethat a
blockmustberetried?Asidefrom asocleterror, time-
out expiration s the simplestway to determinethata
new attemptto retrieve ablockmustbeinitiated. How-
ever, if timeoutsarethe only meansof detectingfail-
ure,thenthey mustbeaccuratéf failuresareto behan-
dled efciently. While adaptve timeoutsperformas
well asoptimally chosenstatictimeouts[2, 15], their
implementationis more complicatedthan the imple-
mentatiorof statictimeouts.

An alternatve to failure identi cation via timeouts
is the approactusedin Progress-Drien Redundany,

wherethe succes®f a givenretrieval attemptis eval-
uatedin comparisorto the progressof therestof the
le. Whenthe download of a block is deemedo be
progressingoo slowly, additionalattemptsare simul-
taneouslymadeto retrieve theblock. The rst attempt
neednot beterminatedvhennew attemptsbegin, and
thus, all of the work of the rst attemptis not lost if

it nishes shortly after the new attemptsbegin. We

guantifythe notion of downloadprogresswith the pa-
rameter , which speci eshow muchprogresseeds
to be madewith the le afterablock’s rst download
beginsbeforethatblock requiresreplication.

The selection of sewer scheduling algorithm:
Which replicaof a block shouldbe retrieved? When
blocksof a le aredistributed,especiallyoverthewide
area,the seners where different copiesof the same
block reside have different properties. Each sener
possesseisvo traits by which it may be characterized,
speedand load. A sener's speedis approximately
bandwidth,or more speci cally, the time the sener
takesto deliver one MB. A sener's loadis the num-
ber of threadscurrently connectedo the sener from
our client application. We investigateseven sener
schedulingalgorithms,eachof which is describedn
section3.3

3. Algorithms

Now that a framework is establishedor the compari-
sonof wide-areadownloadalgorithms the Progress-Drien
RedundangandBandwidth-Predictioistratey algorithms
arepresentedn sections3.1 and3.2. Following that, sev-
eralsener schedulingalgorithmsareoutlined.

In orderto understandhe detailsof thefollowing algo-
rithms, supposeahe desired le is subdvided into blocks,
andthe blocksareindexed by their offsetin the le. Sup-
posealsothateachof the le' sblocksis replicated times
suchthatnotwo copiesof thesameblockresidein thesame
place.Thealgorithmsattempto acquireblocksby theorder
of theirindices.

3.1 Progress-DrivenRedundancy

As originally de ned[12], with Progress-DrienRedun-
dang, a progressnumber and a redundang number

are selectedat startup. Strictly speaking, cannotbe
greaterthan . The numberof threadswhich determines
the maximumnumberof simultaneousiownloads,is also
chosenEachblockis givena dawnloadnumberinitialized
to zero. The download numberof a block is incremented
whenever a threadattemptsto retrieve one of the block's
copies. When a threadis readyto selecta new block to
download,it rst checksto seeif a block existsthathasa
downloadnumbeiessthan , suchthatmorethan blocks
with higheroffsetsin the le have alreadybeenretrieved. If
suchblocksexist, thenthethreadchoosesheblockwith the
lowestoffsetthatmeetstheserequirementslf not, thenthe
threadselectgheblock with thelowestoffsetwhosedown-
loadnumberis zero.

Sinceblocksnearthe endof the le cannever meetthe
progressequirementpnceathread nds thatnoblockscan



beselectedaccordingo downloadnumber ,and it se-
lectstheblockwith thelowestoffsetwhosedownloadnum-
beris lessthan . We call thisa“swarm nish”.

Relatingbackto the previously outlinedframeawork, the
numberof threadsdetermineghe numberof simultaneous
downloads;the redundang numberdetermineghe degree
of work replication; and the progressnumberdetermines
the failover stratgy. When Progress-Dxien Redundang
wasinitially presentedf wasassumedhatthe le wasfully
replicatedat every site, andthreadswere assignedo indi-
vidualseners[12]. Thiswasaugmenteéh [1] sothatsener
selectiorwasperformedandomly In thiswork, we explore
avarietyof sener selectionalgorithms.

3.2 Bandwidth-Pr ediction Strategy

To proceedwith the Bandwidth-PredictiorStratayy, we
simply needa meango determinevhich seneris theclos-
est,or thefastestTheoriginal authorsassumehatthe Net-
work WeatherService[20] is implementedat eachsite,and
employ that to determinesener speed. Then, the blocks
areretrievedin order, oneatatime, from thefastessener.
Timeouts,whosevaluesare determinedby the NWS, are
usedasthefailover stratgy. Thus,relatingbackto thepre-
viously outlinedframework, isone, isone,failoveris
determinecby timeouts,and sener selectionis donewith
anexternalbandwidthpredictor

3.3 Server Scheduling

The original work on Progress-Drien Redundang did
notaddressener scheduling.Thework of Allen andWol-
ski employed the Network WeatherServicefor the Band-
width PredictionAlgorithm, and randomsener selection
for Progress-DrienRedundang. In this paperwe explore
awider variety of sener selectionalgorithms. We assume
eitherthat thereis a bandwidthmonitoring entity suchas
the Network WeatherService,or thatthe client hasaccess
to previous performancdrom the variousseners,andcan
augmentthat with performancemetrics gleanedfrom the
downloaditself. With this assumptionwe outline sesen
sener selectionalgorithms:

1. Therandom stratgy chooses randomsener.

2. Theforecastalgorithmusesmonitoringandforecast-
ing to selectthe sener that shouldhave the bestper
formance.

3. Thelightest-load algorithm assignsa current load
to eachsener. Thisis equalto the numberof threads
currently downloadingfrom the sener, andis moni-
toredby the client. With lightest-load, the senerwith
smalleswalueof isselectedln thecaseof ties,sener
speeds employed,andthefastesseneris selected.

Table 1. Ranges of parameter s explored

Dimension Rangeof Parameters

Simultaneou®ownloads
Work Replication
Failover Strateyy
statictimeouts

Sener Selection Thesevenselectionstratgies

4. Thestrict-load algorithmenforcegcp-friendlinesdy
disalloving multiple simultaneousonnectiondo the
samesener. It worksjustlike lightest-load, exceptit
always choosessenerswhere . If thereareno
unloadedseners,thenno senersareselected.

5. The remainingthreealgorithmsusea combinationof
load and speedto rank the seners. Speci cally, they
selectthe sener with smallestvaluesof

, Where is the predictedtime to download
oneblock of the le whenthereis no contention.For
, we call this algorithmfastest .

6. fastest minimizes

7. fastest minimizes

4. Experiment

During May and June2004, we conducteda seriesof
experimentsn orderto studythedynamicsof the Progress-
Drivenredundang algorithm. The goal of the experiments
wasto determingheimpactof modifying parametersf the
four dimensionsvhendownloadinga 100 MB (megabyte)

le distributedonthewide area.Speci cally, we testedall
combinationsof the rangesof parametergletailedin Ta-
ble 1. Notethat cannotexceed , andthatif ,then
blocks are only retried upon soclet failure (hostunreach-
ableor soclet timeout). For speeddeterminatiorand pre-
diction, we employed a staticlist of obsened speeddrom
eachsener. Fortheforecastalgorithm,thislist wasusedas
the startingpoint, and subsequenblock download speeds
were fed into the Network WeatherServices forecasting
software toyield apredictionof thespeedf thenext down-
load.

IBP [13] senerswere usedto storethe blocks of the

le. IBP is a software packagehat makesremotestorage
available as a sharablenetwork resource. IBP senersal-
low clientsto allocatespaceon speci ¢ seners and then
managethe transferof datato andfrom allocations. IBP
seners use TCP soclets and can operateon a wide vari-
ety of architecturesA list of publicly availableI|BP seners
andtheir currentstatuscanbe found on the LoCl website:
http://loci.cs.utk.edu . Theclientmachineused
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scheduling algorithm

Table 2. Regions used in regional distrib ution

Num. Typically
Region Sewers Up
Univ. of Alabama(UAB) 7 6-7
Univ. of California- SB (UCSB) 6 4-5
Wisconsin(WISC) 4 2-3
United Kingdom (UK) 7 3-4

for theexperimentganLinux RedHatversion9, hadan|In-
tel (R) Celeron(R) 2.2 GHz processgrandwaslocatedat
the University of Tennesse@ Knoxville. The downloads
took placeover thecommoditylnternet. The testswereex-
ecutedin arandomordersothattrendsdueto local or un-
usualnetwork activity wereminimized,andeachdatapoint
presenteds the averageof tenruns.

We testedtwo separatenetwork les. Bothare100MB
les, brokeninto oneMB blocks. Eachblock s replicated
atfour differentseners.Thetwo les differin thenatureof
thereplication. The rst, which we call regional, haseach
block replicatedin four network regions. This is typical of
apieceof contentthatis beingmanagedothatit is cached
in stratgjically choserregions. Theregionsfor this le are
detailedin Table2. Note,therearemultiple senersin each
region,andsincethesearelive senersin thewide-areathey

have varyingavailability, alsodenotedn thetable.

The second le is called hodgepodge as its blocks
are storedat seners randomly distributed throughoutthe
globe. Speci cally, fty regionally distinct senerswere
chosen, and the blocks of the le were striped across
all fty seners. A list of the set of seners used for
the hodgepodgedistribution along with a more precise
descriptionof the distribution is available in the online
Appendix:http://www.cs.utk.edu/ rcollins/
papers/CS- 04- 527_Appendix.html . In both les,
notwo copiesof the sameblock residedn thesameregion,
andno blockswere storedat the University of Tennessee,
wherethe clientwaslocated.

5.Results

We presentheresultsrst asbroadtrendsfor eachof the
four dimensiongresented We thenexplore morespeci ¢
guestionsconcerningthe interactionbetweenthe parame-
tersandsomeof the detailsof thedownloads.

5.1 Broad Trendsfor Each Dimension

Figures1 and 2 shav the bestperforming downloads
whenparametergor eachdimensionare x ed. For exam-
ple,in theleftmostgraphof gure 1, rangesrom oneto
thirty, andfor eachvalueof ,thecombinatiorof , and
schedulingalgorithmthatyieldsthe bestaveragedownload
performancaes plotted.

Two resultsareclearfrom the gures. First,the compo-
sition of the le affectsboththe performancesf download-
ing andthe optimal setof parametersTheregional le has
anoptimaldownloadspeecdof 82 Mbps (Megabitsper sec-
ond), while the hodgepodgele achievesa lower optimal
speedof 66 Mbps. Second,the numberof simultaneous
downloadshasfar morebasicimpacton the performancef
thealgorithmthanthechoiceof and . However, it is not
truethatbiggervaluesof necessarilyranslateinto better
performanceln theregional le, the optimalperformance
comeswhen , while in the hodgepodgeit occurs
when . We surmisethat the performancds best
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Figure 3. Best performance of each server scheduling algorithm plotted over threads

whenthe numberof threadscan utilize the capacityof the
network. Beyondthat,contentiorandthreadcontext-switch
overheadhenalizethe employmentof morethreads.

From gure 2, we concludethat the schedulingalgo-
rithms that incorporatesomekind of speedpredictionare
the mostsuccessful.Obsene the poor performanceof the
randomalgorithmin both typesof le distributions. The
strict-load algorithmalsohaslow overall performancdor
both distributions. While in someapplicationsit may be
necessaryo adherdo limitationsonthenumberof connec-
tionsmadeto the samesener, suchlimitations clearly hin-
der performancdor the following reasons:rst, theclient
cannottake advantageof multiple network pathsfrom the
sener, andsecond,in caseswvherea greatdisparity exists
betweerthe performancef seners,too few downloadsare
permittedfrom thefasterseners.

The forecast algorithm performsrelatively poorly as
well. A likely explanationof this behaior is thatits fore-
castsare too coarse-grainedor this applicationand asa
result, the algorithm cannotadaptquickly enoughto the
changingervironment.A ner grainedforecastemayhave
betterperformanceandit is possiblethat the coarsefore-
casterwould perform better given a bigger le and thus
morehistoryfor eachsenerasthe downloadprogresses.

While theredoesnot appeato beanoptimalscheduling
algorithmper se the threefastest algorithmsasa whole
outperformthe others.

5.2 Interaction of Serwver Selectionand Thr eads

Figure 3 gives a more in-depth picture of the interac-
tion of theschedulingalgorithmsandthenumberof threads.
The bestperformanceof eachalgorithmgiventhe number
of threadsis plotted. The overall trendsin gure 2 still
hold in mostcases.However, in the regional distribution,
the forecastalgorithm experiencesa marked degradation
asthe numberof threadsincrease. As noted before, the
forecastalgorithm appearsto adapttoo sluggishlyto the
changingervironment.As the numberof threadsncreases,
the degreeto which eachsener's performancevariesalso

increasesdueto the factthat a wider rangeof concurrent
connectionganbe madeto eachsener.

5.3 Where do the blocks comefrom?

Figures4 and 5 display a breakdevn of whereblocks
camefrom in someof the the bestperforminginstanceof
the fastest, fastest and strict-load algorithms. The in-
stancef the regional distribution are broken down over
the regions, while the instancef the hodgepodgelistri-
bution are broken down over rangesof averagedownload
speedsFromearlier gures, thestrict-load algorithmper
formspoorlyin comparisoro theotheralgorithms.In both
the regional and the hodgepodgadlistributions, the strict-
load algorithm is forced to retrieve larger percentagesf
its blocksfrom slower seners. The reademay noticethat
the averagedownloadspeedrom the UAB region is faster
for the strict-load algorithmthanit is for the fastest and
fastest algorithms. This is becausehe strict-load algo-
rithm avoids congestiorof TCP streamsHowever, thefact
thatthe performancef the otheralgorithmsis fastershovs
the availability of more network capacityfrom thesesites
thancanbeexploitedby asingleTCP stream.

This behaior is also apparentin gure 5 where the
blocks are split up accordingto download speed. Notice
thatthefastest algorithmhasalargerpercentagef blocks
in the Mbps rangeand a smallerpercentagef
blocksin the Mbps rangethan the fastest al-
gorithmeventhoughthefastest algorithmalwayschooses
thefastersenerregardles®of thatsener'sload.

5.4. The Interaction of and

The interactionof progresswith redundang is shavn
in gures 6 and7. While betterperformancedoestendto
leanslightly to higherprogressiumberdn somecasesfor
the mostpart,aslong as , the performanceloesnot
changesigni cantly with progress. In both distributions,
the performancevhen is very closeto the perfor
mancewhen or , whenthefastest andfastest
algorithmsareused.However, in thestrict-load algorithm,



Figure 4. Breakdo wn of where blocks came from best performances of the fastest , fastest , and
strict-load algs. with 10 threads (rang e of average download speeds in Mbps is listed in legend)

Figure 5. Breakdo wn of where blocks came from in the best performances of the fastest , fastest ,
and strict-load algs. with 30 threads (range of average download speeds in Mbps is listed in legend)

whereoptimal choicesarenot alwayspermitted the ability
to addredundantvork to ablock provesto beadvantageous.

5.5. When is Aggressve Failover useful?

Giventhatit is sometimesadwantageouso malke retries,
how oftenis a failover necessary?igures8 and9 show
the numberof failoversversusthe progressnumberwhen

andthereare 10 threadsover the regional distribu-
tion and 30 threadsover the hodgepodgelistribution. The
total numberof failoversis shovn alongwith thetotalnum-
ber of usefulfailovers,thatis, the numberof timesa retry
wasattemptecandnumberof timestheretry completede-
fore the original attempt. Clearly, small progresshnumbers
leadto excessve numberof failovers,while largerprogress
numbergesultin a higherpercentagef usefulfailovers. It
is also clearthat a higher percentagef retriesare useful
to thestrict-load algorithm,whichis constrainedo choose
slow senersattimesbecausef therestrictionof permitting
only singleTCP streams.

6. Conclusion

Givena le thatis distributedacrossa systemhow can
we bestleveragethe propertiesof the systemto retrieve
the le asquickly as possible? With regard for the two

previously proposedapproacheto this problem,Progress-
DrivenRedundangandBandwidth-Predictionye have ex-
plored the impact and interrelationship=f the following
download parametersthe numberof simultaneousiown-
loads,the degreeof redundany, the failover stratgyy, and
thesenerselectionalgorithm.

As an obvious result, we found that performanceends
to improve as the numberof simultaneousdownloadsin-
creases$o apoint, andthatthedistribution of the le across
the systemimpactsthe way the download parametergper
form andinteract.

With respectto the Bandwidth-Predictionapproach,
someform of bandwidthpredictiongreatly improves per
formanceandwith respecto Progress-DrienRedundany,
some form of redundang is very useful when poorly-
performingsenersareselectedor downloads.Concerning
performancerediction,in our tests,exploiting knowledge
from the client (concerningthe load from eachsener) is
morebene cialto performanceéhanhaving anexternalpre-
diction enginetry to reactto theobsenedconditions.How-
ever, asstatedabove, this maybeanartifactof the monitor
ing granularity andmore ne-grainedmonitoringmaylead
to betterperformancef predictive algorithms.

We anticipatethat the resultsof this work will be im-
plementedn the Logistical Runtime System[4], which al-
readyimplementsavariantof Progress-DrienRedundang
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asthe majordownloadingalgorithmfor its le systembuilt
uponfaulty andtime-limited storageseners,andhasseen
extensie useasa Video delivery service[3] and medical
visualizationback-end10].

This work doeshave limitations. First, we did not em-
ploy an external monitoring agentsuch as the Network
WeatherService.Thisis becauseve did not have accesso
suchasserviceon the bulk of the machinesn our testbed.
With the availability of sucha service we anticipateanim-
provementin thefastest algorithms;however, we alsoan-
ticipatethatthesealgorithmsshouldstill incorporateknowl-
edgeof senerload.

Secondwe did not testthe performancerom multiple
clients.However, we anticipatehattheresultsfrom theone
client are indicative of performancefrom genericclients,
whentheclientsarenot co-locatedwith the data.

Third, we did not assesghe impact of timeout-based
stratgies,which have beenshavn to beimportantin some
situations[1, 15]. Instead,we have focusedon algorithm
progressandsoclettimeoutasthefailovermechanismWe
intendto explore the impactof timeoutsasa complemen-
tary failover mechanisnin thefuture.

Finally, erasuie codeshave arisenasa viable alternatie
to replicationfor both cachingandfault-toleranceén wide-
areale systemg5,14,19,21]. In future work, we intend
to seehow thesedownloadingalgorithmsapplyto le sys-

temsbasedn erasureodeswhatadditionalconsiderations
apply, andwhatthe performancempactis.
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