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Abstract

Thechallenge of ef�ciently retrieving �les that are bro-
keninto segmentsandreplicatedacrossthewide-areais of
primeimportanceto wide-area,peer-to-peer, andGrid �le
systems.Twodifferingalgorithmsaddressingthischallenge
havebeenproposedand evaluated. While both havebeen
successfulin differing performancescenarios,there has
beennounifyingwork that canview bothalgorithmsunder
a singleframework. In this paper, wede�ne such a frame-
work, where downloadalgorithmsare de�ned in termsof
four dimensions:the numberof simultaneousdownloads,
thedegreeof workreplication,thefailoverstrategy, andthe
serverselectionalgorithm. We thenexplore the impactof
varyingparametersalongeach of thesedimensions.

1. Intr oduction

In wide-area,peer-to-peerandGrid �le systems[6–9,11,
13,16–18], the storageserversthat hold datafor usersare
widely distributed. To toleratefailuresandto take advan-
tageof proximity to a varietyof clients,�les on thesesys-
temsaretypically brokeninto blocks,whicharethenrepli-
catedacrossthewide area.As such,clientsarefacedwith
anextremelycomplex problemwhenthey desireto access
a �le. Speci�cally:

Given a �le that is partitioned into blocks that
are replicatedthr oughout a 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
representative datamovementproblemsfor computational
grids. In 2003,two majorstudiesof thisproblemwerepub-
lished[1,12], andeachpresentedadifferentalgorithm:

� A greedy algorithm where a client simultaneously
downloadsblocksof the�le from randomservers,and
usesthe progressof the downloadto specifywhena
block's download shouldbe retried. This is termed
Progress-DrivenRedundancy[12].

� An algorithm where the client serially downloads
blocks from the closest location and usesadaptive
timeoutsto determinewhento retryadownload.[1] In
thispaper, wecall thistheBandwidth-PredictionStrat-
egy.

In a wide-areaexperiment,Allen and Wolski showed
that the two algorithmsperformedsimilarly in their best
cases[1], but their performancecould differ signi�cantly.
Beyond that conclusion,neithertheir work, nor the work
in [12] lendsmuchinsight into whythealgorithmsperform
theway they do, how they relateto oneanotherin a more
fundamentalmanner, andhow onecandraw generalcon-
clusionsaboutthem.

In this paper, we attemptto unify this work, providing a
framework underwhich bothalgorithmsmaybepresented
andcompared.We thenexplore the following four facets
of the framework and how their modi�cation and inter-
operationimpactperformance.

1. Thenumberof simultaneousdownloads.

2. Thedegreeof work replication.

3. Thefailoverstrategy.

4. Theselectionof serverschedulingalgorithm.

We concludethat the two most important dimensions
of downloadingalgorithmsarethenumberof simultaneous
downloads,andtheserver selectionalgorithm. The others
do impactperformance,but the extent of their impactde-
pendson thenumberof downloadsandtheserverselection
algorithm.



2. Framework

In this section, a framework is built under which
Progress-Driven Redundancy and the Bandwidth-
Prediction Strategy can both reside. The object of
this exerciseis not to prove ultimately that one approach
is betterthanthe other, but insteadto observe the waysin
which the two algorithmsaresimilar anddifferent,andto
explorethesuccessfulaspectsof eachalgorithm.

Givena �le that is partitionedinto blocksthatarerepli-
catedthroughouta �le system,thechallengeof retrieving it
is composedof four basicdimensions:

� Thenumber of simultaneousdownloads: How many
blocksshouldberetrievedin parallel?Thetrade-off in
thisdecisionisasfollows: toofew simultaneousdown-
loadsmayresultin theincomingbandwidthnotmatch-
ing thatof theclient, andin the latency of downloads
having too greatan impact; while too many simulta-
neousdownloadsmay result in congestion,either in
thenetwork or at the client. We quantify the number
of simultaneousdownloadsby the variable

�

, as si-
multaneousdownloadsareusually implementedwith
multiple threads.

� The degreeof work replication: Overall, what per-
centageof thework shouldberedundant?We assume
thatblocksareretrievedin their entirety, or not at all.
Thus,whenmultiple retrievals of the sameblock are
begun,any datacollectedin additionto onecomplete
copy of theblock from onesourceis discarded.In our
study, work replicationis parameterizedby the vari-
able � , which is the maximumnumberof simultane-
ousdownloadsallowedfor any oneblock.

� The failover strategy: When do we decide that a
blockmustberetried?Asidefrom asocketerror, time-
out expiration is thesimplestway to determinethata
new attemptto retrieveablockmustbeinitiated.How-
ever, if timeoutsaretheonly meansof detectingfail-
ure,thenthey mustbeaccurateif failuresareto behan-
dled ef�ciently . While adaptive timeoutsperform as
well asoptimally chosenstatic timeouts[2, 15], their
implementationis more complicatedthan the imple-
mentationof statictimeouts.

An alternative to failure identi�cation via timeouts
is theapproachusedin Progress-DrivenRedundancy,
wherethesuccessof a givenretrieval attemptis eval-
uatedin comparisonto the progressof the restof the
�le. Whenthe downloadof a block is deemedto be
progressingtoo slowly, additionalattemptsaresimul-
taneouslymadeto retrievetheblock. The�rst attempt
neednot beterminatedwhennew attemptsbegin, and
thus,all of the work of the �rst attemptis not lost if
it �nishes shortly after the new attemptsbegin. We

quantifythenotionof downloadprogresswith thepa-
rameter� , which speci�eshow muchprogressneeds
to bemadewith the �le aftera block's �rst download
beginsbeforethatblock requiresreplication.

� The selection of server scheduling algorithm:
Which replicaof a block shouldbe retrieved? When
blocksof a�le aredistributed,especiallyoverthewide
area,the servers wheredifferent copiesof the same
block residehave different properties. Each server
possessestwo traitsby which it maybecharacterized,
speedand load. A server's speedis approximately
bandwidth,or more speci�cally, the time the server
takesto deliver oneMB. A server's load is the num-
ber of threadscurrentlyconnectedto the server from
our client application. We investigateseven server
schedulingalgorithms,eachof which is describedin
section3.3

3. Algorithms

Now that a framework is establishedfor the compari-
sonof wide-areadownloadalgorithms,theProgress-Driven
Redundancy andBandwidth-PredictionStrategy algorithms
arepresentedin sections3.1 and3.2. Following that,sev-
eralserverschedulingalgorithmsareoutlined.

In orderto understandthedetailsof thefollowing algo-
rithms, supposethe desired�le is subdivided into blocks,
andtheblocksareindexedby their offset in the �le. Sup-
posealsothateachof the�le' sblocksis replicated� times
suchthatnotwo copiesof thesameblockresidein thesame
place.Thealgorithmsattemptto acquireblocksby theorder
of their indices.

3.1. Progress­DrivenRedundancy

As originally de�ned [12], with Progress-DrivenRedun-
dancy, a progressnumber � and a redundancy number

� are selectedat startup. Strictly speaking,� cannotbe
greaterthan � . The numberof threads,which determines
the maximumnumberof simultaneousdownloads,is also
chosen.Eachblock is givena downloadnumberinitialized
to zero. The downloadnumberof 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 exists that hasa
downloadnumberlessthan� , suchthatmorethan� blocks
with higheroffsetsin the�le havealreadybeenretrieved.If
suchblocksexist, thenthethreadchoosestheblockwith the
lowestoffsetthatmeetstheserequirements.If not, thenthe
threadselectstheblockwith thelowestoffsetwhosedown-
loadnumberis zero.

Sinceblocksneartheendof the �le cannever meetthe
progressrequirement,onceathread�nds thatnoblockscan



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

Relatingbackto thepreviously outlinedframework, the
numberof threadsdeterminesthenumberof simultaneous
downloads;the redundancy numberdeterminesthe degree
of work replication; and the progressnumberdetermines
the failover strategy. When Progress-Driven Redundancy
wasinitially presented,it wasassumedthatthe�le wasfully
replicatedat every site, andthreadswereassignedto indi-
vidualservers[12]. Thiswasaugmentedin [1] sothatserver
selectionwasperformedrandomly. In thiswork,weexplore
avarietyof serverselectionalgorithms.

3.2. Bandwidth­Pr ediction Strategy

To proceedwith theBandwidth-PredictionStrategy, we
simplyneeda meansto determinewhich server is theclos-
est,or thefastest.TheoriginalauthorsassumethattheNet-
work WeatherService[20] is implementedateachsite,and
employ that to determineserver speed. Then, the blocks
areretrievedin order, oneat a time, from thefastestserver.
Timeouts,whosevaluesare determinedby the NWS, are
usedasthefailoverstrategy. Thus,relatingbackto thepre-
viously outlinedframework,

�

is one, � is one,failover is
determinedby timeouts,andserver selectionis donewith
anexternalbandwidthpredictor.

3.3. Server Scheduling

The original work on Progress-Driven Redundancy did
notaddressserverscheduling.Thework of Allen andWol-
ski employed the Network WeatherServicefor the Band-
width PredictionAlgorithm, and randomserver selection
for Progress-DrivenRedundancy. In this paper, we explore
a wider varietyof server selectionalgorithms.We assume
either that thereis a bandwidthmonitoringentity suchas
theNetwork WeatherService,or that theclient hasaccess
to previousperformancefrom thevariousservers,andcan
augmentthat with performancemetricsgleanedfrom the
download itself. With this assumption,we outline seven
serverselectionalgorithms:

1. Therandom strategy choosesa randomserver.

2. The forecastalgorithmusesmonitoringandforecast-
ing to selectthe server that shouldhave the bestper-
formance.

3. The lightest-load algorithm assignsa current load �

to eachserver. This is equalto thenumberof threads
currentlydownloadingfrom the server, and is moni-
toredby theclient. With lightest-load, theserverwith
smallestvalueof � is selected.In thecaseof ties,server
speedis employed,andthefastestserver is selected.

Table 1. Ranges of parameter s explored

Dimension Rangeof Parameters
SimultaneousDownloads �������	��
���
�������������������
	����
�����
����

Work Replication �������	��
���
����	�

FailoverStrategy ����������
���
�������������������
�����
�����
���� ,
statictimeouts

ServerSelection Thesevenselectionstrategies

4. Thestrict-load algorithmenforcestcp-friendlinessby
disallowing multiple simultaneousconnectionsto the
sameserver. It works just like lightest-load, exceptit
alwayschoosesserverswhere �! #" . If thereareno
unloadedservers,thennoserversareselected.

5. The remainingthreealgorithmsusea combinationof
load andspeedto rank the servers. Speci�cally, they
selectthe server with smallestvaluesof $�%'&)(+*-,/.0*

�2143�5 , where $�%6&7( is thepredictedtime to download
oneblock of the �le whenthereis no contention.For

.8 9" , wecall this algorithmfastest: .

6. fastest; minimizes$�%'&)(<*+,=�>1?3@5 .

7. fastest
;�ACB

minimizes$�%6&)(D*+,/�6E�FG1?3@5 .

4. Experiment

During May and June2004, we conducteda seriesof
experimentsin orderto studythedynamicsof theProgress-
Drivenredundancy algorithm.Thegoalof theexperiments
wasto determinetheimpactof modifyingparametersof the
four dimensionswhendownloadinga 100MB (megabyte)
�le distributedon thewide area.Speci�cally, we testedall
combinationsof the rangesof parametersdetailedin Ta-
ble1. Notethat � cannotexceed

�

, andthatif �H I3 , then
blocksareonly retrieduponsocket failure (hostunreach-
ableor socket timeout). For speeddeterminationandpre-
diction, we employeda staticlist of observedspeedsfrom
eachserver. For theforecastalgorithm,this list wasusedas
the startingpoint, andsubsequentblock downloadspeeds
were fed into the Network WeatherService's forecasting
software,to yieldapredictionof thespeedof thenext down-
load.

IBP [13] servers were usedto store the blocks of the
�le. IBP is a softwarepackagethat makesremotestorage
availableasa sharablenetwork resource. IBP serversal-
low clients to allocatespaceon speci�c servers and then
managethe transferof datato and from allocations. IBP
servers useTCP sockets and can operateon a wide vari-
etyof architectures.A list of publicly availableIBP servers
andtheir currentstatuscanbe foundon theLoCI website:
http://loci.cs.utk.edu . Theclient machineused
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Figure 1. The best perf ormance of threads, redundanc y and progress
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Figure 2. The best perf ormance of each server
scheduling algorithm

Table 2. Regions used in regional distrib ution

Num. Typically
Region Servers Up

Univ. of Alabama(UAB) 7 6-7
Univ. of California- SB(UCSB) 6 4-5

Wisconsin(WISC) 4 2-3
UnitedKingdom(UK) 7 3-4

for theexperimentsranLinux RedHatversion9, hadanIn-
tel (R) Celeron(R) 2.2 GHz processor, andwaslocatedat
the Universityof Tennesseein Knoxville. The downloads
took placeover thecommodityInternet.Thetestswereex-
ecutedin a randomorderso that trendsdueto local or un-
usualnetwork activity wereminimized,andeachdatapoint
presentedis theaverageof tenruns.

We testedtwo separatenetwork �les. Both are100MB
�les, brokeninto oneMB blocks. Eachblock is replicated
at four differentservers.Thetwo �les differ in thenatureof
thereplication.The�rst, which we call regional, haseach
block replicatedin four network regions. This is typical of
apieceof contentthatis beingmanagedsothatit is cached
in strategically chosenregions.Theregionsfor this �le are
detailedin Table2. Note,therearemultiple serversin each
region,andsincetheseareliveserversin thewide-area,they

havevaryingavailability, alsodenotedin thetable.
The second�le is called hodgepodge, as its blocks

are storedat servers randomlydistributed throughoutthe
globe. Speci�cally, �fty regionally distinct servers were
chosen,and the blocks of the �le were striped across
all �fty servers. A list of the set of servers 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 thesameblockresidedin thesameregion,
andno blockswerestoredat the Universityof Tennessee,
wheretheclientwaslocated.

5. Results

Wepresenttheresults�rst asbroadtrendsfor eachof the
four dimensionspresented.We thenexploremorespeci�c
questionsconcerningthe interactionbetweenthe parame-
tersandsomeof thedetailsof thedownloads.

5.1. BroadTrendsfor EachDimension

Figures1 and 2 show the best performingdownloads
whenparametersfor eachdimensionare�x ed. For exam-
ple, in theleftmostgraphof �gure 1,

�

rangesfrom oneto
thirty, andfor eachvalueof

�

, thecombinationof � , � and
schedulingalgorithmthatyieldsthebestaveragedownload
performanceis plotted.

Two resultsareclearfrom the�gures. First, thecompo-
sition of the�le affectsboththeperformanceof download-
ing andtheoptimalsetof parameters.Theregional�le has
anoptimaldownloadspeedof 82 Mbps(Megabitspersec-
ond), while the hodgepodge�le achievesa lower optimal
speedof 66 Mbps. Second,the numberof simultaneous
downloadshasfarmorebasicimpactontheperformanceof
thealgorithmthanthechoiceof � and � . However, it is not
truethatbiggervaluesof

�

necessarilytranslateinto better
performance.In theregional �le, theoptimalperformance
comeswhen

�

 3	" , while in the hodgepodge,it occurs
when

�

 

�

" . We surmisethat the performanceis best
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Figure 3. Best perf ormance of each server scheduling algorithm plotted over threads

whenthenumberof threadscanutilize thecapacityof the
network. Beyondthat,contentionandthreadcontext-switch
overheadpenalizetheemploymentof morethreads.

From �gure 2, we concludethat the schedulingalgo-
rithms that incorporatesomekind of speedpredictionare
themostsuccessful.Observe the poor performanceof the
randomalgorithm in both typesof �le distributions. The
strict-load algorithmalsohaslow overall performancefor
both distributions. While in someapplicationsit may be
necessaryto adhereto limitationsonthenumberof connec-
tionsmadeto thesameserver, suchlimitationsclearlyhin-
derperformancefor the following reasons:�rst, theclient
cannottake advantageof multiple network pathsfrom the
server, andsecond,in caseswherea greatdisparityexists
betweentheperformanceof servers,too few downloadsare
permittedfrom thefasterservers.

The forecast algorithm performs relatively poorly as
well. A likely explanationof this behavior is that its fore-
castsare too coarse-grainedfor this applicationand as a
result, the algorithm cannotadaptquickly enoughto the
changingenvironment.A �ner grainedforecastermayhave
betterperformance,andit is possiblethat the coarsefore-
casterwould perform bettergiven a bigger �le and thus
morehistoryfor eachserverasthedownloadprogresses.

While theredoesnotappearto beanoptimalscheduling
algorithmper se, the threefastest� algorithmsasa whole
outperformtheothers.

5.2. Interaction of Server Selectionand Thr eads

Figure 3 gives a more in-depthpicture of the interac-
tionof theschedulingalgorithmsandthenumberof threads.
Thebestperformanceof eachalgorithmgiventhe number
of threadsis plotted. The overall trendsin �gure 2 still
hold in mostcases.However, in the regional distribution,
the forecastalgorithm experiencesa marked degradation
as the numberof threadsincrease. As notedbefore, the
forecastalgorithm appearsto adapttoo sluggishlyto the
changingenvironment.As thenumberof threadsincreases,
the degreeto which eachserver's performancevariesalso

increases,dueto the fact that a wider rangeof concurrent
connectionscanbemadeto eachserver.

5.3. Wheredo the blocks comefr om?

Figures4 and 5 display a breakdown of whereblocks
camefrom in someof thethebestperforminginstancesof
the fastest: , fastest; andstrict-load algorithms. The in-
stancesof the regional distribution are broken down over
the regions,while the instancesof the hodgepodgedistri-
bution arebroken down over rangesof averagedownload
speeds.Fromearlier�gures, thestrict-load algorithmper-
formspoorly in comparisonto theotheralgorithms.In both
the regional and the hodgepodgedistributions, the strict-
load algorithm is forced to retrieve larger percentagesof
its blocksfrom slower servers. Thereadermaynoticethat
theaveragedownloadspeedfrom theUAB region is faster
for the strict-load algorithmthanit is for the fastest: and
fastest; algorithms. This is becausethe strict-load algo-
rithm avoidscongestionof TCPstreams.However, thefact
thattheperformanceof theotheralgorithmsis fastershows
the availability of morenetwork capacityfrom thesesites
thancanbeexploitedby asingleTCPstream.

This behavior is also apparentin �gure 5 where the
blocks are split up accordingto download speed. Notice
thatthefastest: algorithmhasa largerpercentageof blocks
in the F�� "��9F��

�

Mbps rangeanda smallerpercentageof
blocks in the ��� "	�
���

�

Mbps rangethan the fastest; al-
gorithmeventhoughthefastest: algorithmalwayschooses
thefasterserver regardlessof thatserver's load.

5.4. The Interaction of � and �

The interactionof progresswith redundancy is shown
in �gures 6 and7. While betterperformancedoestendto
leanslightly to higherprogressnumbersin somecases,for
themostpart,aslong as ��� F , theperformancedoesnot
changesigni�cantly with progress. In both distributions,
the performancewhen �  3 is very closeto the perfor-
mancewhen �  F�


�

or � , whenthefastest: andfastest;

algorithmsareused.However, in thestrict-load algorithm,



Figure 4. Breakdo wn of where bloc ks came from best perf ormances of the fastest : , fastest ; , and
strict­load algs. with 10 threads (rang e of average download speeds in Mbps is listed in legend)

Figure 5. Breakdo wn of where bloc ks came from in the best perf ormances of the fastest : , fastest ; ,
and strict­load algs. with 30 threads (rang e of average download speeds in Mbps is listed in legend)

whereoptimalchoicesarenot alwayspermitted,theability
to addredundantwork to ablockprovesto beadvantageous.

5.5. When is AggressiveFailover useful?

Giventhatit is sometimesadvantageousto makeretries,
how often is a failover necessary?Figures8 and9 show
the numberof failoversversusthe progressnumberwhen

�  F andthereare10 threadsover the regionaldistribu-
tion and30 threadsover thehodgepodgedistribution. The
totalnumberof failoversis shown alongwith thetotalnum-
berof usefulfailovers,that is, thenumberof timesa retry
wasattemptedandnumberof timestheretrycompletedbe-
fore the original attempt.Clearly, small progressnumbers
leadto excessivenumbersof failovers,while largerprogress
numbersresultin a higherpercentageof usefulfailovers.It
is also clear that a higher percentageof retriesareuseful
to thestrict-load algorithm,which is constrainedto choose
slow serversattimesbecauseof therestrictionof permitting
only singleTCPstreams.

6. Conclusion

Givena �le that is distributedacrossa system,how can
we best leveragethe propertiesof the systemto retrieve
the �le as quickly as possible? With regard for the two

previously proposedapproachesto this problem,Progress-
DrivenRedundancy andBandwidth-Prediction,wehaveex-
plored the impact and interrelationshipsof the following
downloadparameters:the numberof simultaneousdown-
loads,the degreeof redundancy, the failover strategy, and
theserverselectionalgorithm.

As an obvious result,we found that performancetends
to improve as the numberof simultaneousdownloadsin-
creasesto apoint,andthatthedistributionof the�le across
the systemimpactsthe way the downloadparametersper-
form andinteract.

With respect to the Bandwidth-Predictionapproach,
someform of bandwidthpredictiongreatly improvesper-
formance,andwith respecttoProgress-DrivenRedundancy,
some form of redundancy is very useful when poorly-
performingserversareselectedfor downloads.Concerning
performanceprediction,in our tests,exploiting knowledge
from the client (concerningthe load from eachserver) is
morebene�cial to performancethanhaving anexternalpre-
dictionenginetry to reactto theobservedconditions.How-
ever, asstatedabove,thismaybeanartifactof themonitor-
ing granularity, andmore�ne-grainedmonitoringmaylead
to betterperformanceof predictivealgorithms.

We anticipatethat the resultsof this work will be im-
plementedin theLogisticalRuntimeSystem[4], which al-
readyimplementsavariantof Progress-DrivenRedundancy
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Figure 6. Relationship of progress and redundanc y with 10 threads over the regional distrib ution
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Figure 7. Relationship of progress and redundanc y with 30 threads over the hodg epodg e distrib ution

asthemajordownloadingalgorithmfor its �le systembuilt
uponfaulty andtime-limited storageservers,andhasseen
extensive useasa Video delivery service[3] andmedical
visualizationback-end[10].

This work doeshave limitations. First, we did not em-
ploy an external monitoring agentsuch as the Network
WeatherService.This is becausewe did nothaveaccessto
suchasserviceon thebulk of themachinesin our testbed.
With theavailability of suchaservice,weanticipateanim-
provementin thefastest� algorithms;however, wealsoan-
ticipatethatthesealgorithmsshouldstill incorporateknowl-
edgeof server load.

Second,we did not test the performancefrom multiple
clients.However, weanticipatethattheresultsfrom theone
client are indicative of performancefrom genericclients,
whentheclientsarenot co-locatedwith thedata.

Third, we did not assessthe impact of timeout-based
strategies,which have beenshown to beimportantin some
situations[1, 15]. Instead,we have focusedon algorithm
progressandsocket timeoutasthefailovermechanism.We
intendto explore the impactof timeoutsasa complemen-
tary failovermechanismin thefuture.

Finally, erasure codeshavearisenasa viablealternative
to replicationfor bothcachingandfault-tolerancein wide-
area�le systems[5, 14,19,21]. In future work, we intend
to seehow thesedownloadingalgorithmsapply to �le sys-

temsbasedonerasurecodes,whatadditionalconsiderations
apply, andwhattheperformanceimpactis.
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Figure 8. Number of failo vers with 10 threads, R=2, over the regional distrib ution
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