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Abstract

The challengeof ef�ciently retrieving �les that
are broken into segmentsand replicatedacross
the wide-areais of prime importanceto wide-
area,peer-to-peer, and Grid �le systems. Two
differing algorithms addressingthis challenge
have beenproposedandevaluated. While both
have beensuccessfulin differing performance
scenarios,therehasbeenno unifying work that
canview both algorithmsundera singleframe-
work. In thispaper, wede�ne sucha framework,
wheredownloadalgorithmsarede�ned in terms
of four dimensions:thenumberof simultaneous
downloads,the degreeof work replication, the
failover strategy, and the server selectionalgo-
rithm. Wethenexploretheimpactof varyingpa-
rametersalongeachof thesedimensions.

1 Intr oduction

In wide-area, peer-to-peer and Grid �le sys-
tems[6–9,11,13,16–18],thestorageserversthat
holddatafor usersarewidely distributed.To tol-
eratefailuresand to take advantageof proxim-

ity to a variety of clients,�les on thesesystems
aretypically broken into blocks,which arethen
replicatedacrossthewide area.As such,clients
are facedwith an extremely complex problem
whenthey desireto accessa �le. Speci�cally:

Given a �le that is partitioned into
blocks that are replicated through-
out a wide-area �le system,how can
a client retrieve the �le with the best
performance?

This problem was namedthe “Plank-Beck”
problemby Allen andWolski [1], who denoted
it as one of the two representative datamove-
mentproblemsfor computationalgrids. In 2003,
two major studiesof this problem were pub-
lished[1, 12], andeachpresenteda differental-
gorithm:

� A greedyalgorithmwherea client simulta-
neouslydownloadsblocks of the �le from
randomservers, and usesthe progressof
the download to specify when a block's
downloadshouldbe retried. This is termed
Progress-DrivenRedundancy[12].
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� An algorithm where the client serially
downloads blocks from the closest loca-
tion andusesadaptivetimeoutsto determine
whento retry a download.[1] In this paper,
wecall this theBandwidth-PredictionStrat-
egy.

In a wide-areaexperiment,Allen andWolski
showedthat the two algorithmsperformedsimi-
larly in theirbestcases[1], but theirperformance
could differ signi�cantly. Beyond that conclu-
sion, neither their work, nor the work in [12]
lendsmuchinsight into why the algorithmsper-
form theway they do,how they relateto onean-
other in a more fundamentalmanner, and how
onecandraw generalconclusionsaboutthem.

In this paper, we attemptto unify this work,
providing a framework underwhich both algo-
rithms may be presentedand compared. We
then explore the following four facetsof the
framework andhow their modi�cation andinter-
operationimpactperformance.

1. Thenumberof simultaneousdownloads.

2. Thedegreeof work replication.

3. Thefailoverstrategy.

4. The selection of server schedulingalgo-
rithm.

We conclude that the two most important
dimensionsof downloading algorithmsare the
number of simultaneousdownloads, and the
server selectionalgorithm.Theothersdo impact
performance,but the extent of their impact de-
pendsonthenumberof downloadsandtheserver
selectionalgorithm.

2 Framework

In this section, a framework is built under
which Progress-Driven Redundancy and the

Bandwidth-PredictionStrategy can both reside.
The object of this exerciseis not to prove ulti-
matelythatoneapproachis betterthantheother,
but insteadto observe thewaysin which thetwo
algorithmsare similar and different,and to ex-
plorethesuccessfulaspectsof eachalgorithm.

Givena �le that is partitionedinto blocksthat
arereplicatedthroughouta �le system,thechal-
lengeof retrieving it is composedof four basic
dimensions:

� The number of simultaneousdownloads:
How many blocks should be retrieved in
parallel? The trade-off in this decisionis
asfollows: toofew simultaneousdownloads
may result in the incoming bandwidthnot
matchingthat of the client, and in the la-
tency of downloadshaving too greatan im-
pact; while too many simultaneousdown-
loadsmayresultin congestion,eitherin the
network or at the client. We quantify the
numberof simultaneousdownloadsby the
variable

�

, assimultaneousdownloadsare
usuallyimplementedwith multiple threads.

� The degreeof work replication: Overall,
what percentageof the work shouldbe re-
dundant? We assumethat blocks are re-
trieved in their entirety, or not at all. Thus,
whenmultiple retrievals of the sameblock
arebegun,any datacollectedin additionto
one completecopy of the block from one
sourceis discarded. In our study, work
replication is parameterizedby the vari-
able� , whichis themaximumnumberof si-
multaneousdownloadsallowedfor any one
block.

� The failover strategy: When do we de-
cide that a block must be retried? Aside
from a socket error, timeout expiration is
the simplestway to determinethat a new
attempt to retrieve a block must be initi-
ated. However, if timeouts are the only

2



meansof detectingfailure, then they must
beaccurateif failuresareto behandledef�-
ciently. While adaptive timeoutshave been
shown to performaswell asoptimally cho-
senstatictimeouts[2, 15], their implemen-
tation is morecomplicatedthanthe imple-
mentationof statictimeouts.

An alternative to failure identi�cation via
timeoutsis the approachusedin Progress-
DrivenRedundancy, wherethesuccessof a
givenretrieval attemptis evaluatedin com-
parisonto theprogressof therestof the�le.
When the download of a block is deemed
to be progressingtoo slowly, additionalat-
temptsaresimultaneouslymadeto retrieve
theblock. The�rst attemptneednot beter-
minatedwhen new attemptsbegin, and in
this way, all of thework of the �rst attempt
is not lost if it �nishes shortlyafterthenew
attemptsbegin. We quantify the notion of
download progresswith the parameter� ,
which speci�es how much progressneeds
to bemadewith the �le aftera block's �rst
downloadbeginsbeforethatblock requires
replication.

� The selectionof server scheduling algo-
rithm : Which replicaof a block shouldbe
retrieved? When blocks of a �le are dis-
tributed,especiallyover the wide area,the
serverswheredifferentcopiesof the same
block residehave differentproperties.Each
server possessestwo traitsby which it may
becharacterized,speedandload.A server's
speedis approximatelybandwidth,or more
speci�cally, thetime theserver takesto de-
liveroneMB. A server's loadis thenumber
of threadscurrentlyconnectedto theserver
from our client application.We investigate
sevenserver schedulingalgorithms,eachof
which is describedin section3.3

3 Algorithms

Now thataframework is establishedfor thecom-
parisonof wide-areadownload algorithms,the
Progress-Driven Redundancy and Bandwidth-
PredictionStrategy algorithmsare presentedin
sections3.1 and 3.2, respectively. Following
that, several server schedulingalgorithms are
outlined.

In ordertounderstandthedetailsof thefollow-
ing algorithms,supposethedesired�le is subdi-
videdinto blocks,andtheblocksareindexedby
their offset in the �le. Supposealsothateachof
the�le' sblocksis replicated� timessuchthatno
two copiesof thesameblock residein thesame
place.Thealgorithmsattemptto acquireblocks
by theorderof their indices.

3.1 Progress-DrivenRedundancy

As originally de�ned [12], with Progress-Driven
Redundancy, a progressnumber � anda redun-
dancy number� areselectedat startup.Strictly
speaking,� cannotbegreaterthan � . Thenum-
ber of threads,which determinesthe maximum
numberof simultaneousdownloads,is alsocho-
sen.

Eachblock is given a downloadnumberini-
tializedto zero.Thedownloadnumberof ablock
is incrementedwhenevera threadattemptsto re-
trieveoneof theblock'scopies.Whenathreadis
readyto selecta new block to download,it �rst
checksto seeif a block exists that hasa down-
load numberless than � , such that more than

� blockswith higheroffsetsin the �le have al-
readybeenretrieved. If suchblocksexist, then
thethreadchoosestheblock with thelowestoff-
set that meetstheserequirements.If not, then
thethreadselectstheblockwith thelowestoffset
whosedownloadnumberis zero.

Sinceblocksneartheendof the�le cannever
meet the progressrequirement,once a thread
�nds thatnomoreblockscanbeselectedaccord-
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ing to download number, � , and � ; it selects
theblockwith thelowestoffsetwhosedownload
numberis lessthan � . We call this a “swarm
�nish”.

Relating back to the previously outlined
framework, the number of threadsdetermines
the numberof simultaneousdownloads;the re-
dundancy numberdeterminesthedegreeof work
replication;andtheprogressnumberdetermines
the failover strategy. When initially presented,
the server schedulingassumedthat the �le was
fully replicatedateverysite,andthreadswereas-
signedto individual servers[12]. This wasaug-
mentedin [1] so that server selectionwas per-
formedrandomly. In this work, we explorea va-
riety of serverselectionalgorithms.

3.2 Bandwidth-Prediction Strategy

To proceedwith theBandwidth-PredictionStrat-
egy, wesimplyneedameansto determinewhich
server is the closest,or the fastest.Theoriginal
authorsassumethat the Network WeatherSer-
vice [20] is implementedat eachsite, and em-
ploy that to determineserver speed. Then, the
blocksareretrievedin order, oneat a time, from
the fastestserver. Timeouts,whosevaluesare
determinedby theNWS,areusedasthefailover
strategy. Thus, relating back to the previously
outlinedframework,

�

is one, � is one,failover
is determinedby timeouts,andserverselectionis
donewith anexternalbandwidthpredictor.

3.3 Server Scheduling

The original work on Progress-Driven Redun-
dancy did not addressserver scheduling. The
work of Allen and Wolski employed the Net-
work WeatherService for the Bandwidth Pre-
diction Algorithm, andrandomserver selection
for Progress-Driven Redundancy. In this paper,
we explore a wider variety of server selection
algorithms. We assumeeither that there is a

bandwidthmonitoringentitysuchastheNetwork
WeatherService,or that the client hasaccessto
previous performancefrom the variousservers,
andcanaugmentthat with performancemetrics
gleanedfrom the downloaditself. With this as-
sumption,weoutlinesevenserverselectionalgo-
rithms:

1. The random strategy choosesa random
server.

2. Theforecastalgorithmusesmonitoringand
forecastingto selectthe server that should
have thebestperformance.

3. The lightest-load algorithm assignsa cur-
rent load � to eachserver. This is equalto
the numberof threadscurrentlydownload-
ing from theserver, andis monitoredby the
client. With lightest-load, the server with
smallestvalueof � is selected.In the case
of ties, server speedis employed, and the
fastestserver is selected.

4. The strict-load algorithm enforces tcp-
friendlinessby disallowing multiple simul-
taneousconnectionsto the sameserver. It
works just like lightest-load, except it al-
wayschoosesserverswhere ����� . If there
areno unloadedservers,thenno serversare
selected.

5. The remainingthreealgorithmsusea com-
bination of load and speed to rank the
servers. Speci�cally, they selectthe server
with smallestvaluesof ���	��

��������������� ,
where ���	��
 is the predictedtime to down-
load oneblock of the �le whenthereis no
contention. For ����� , we call this algo-
rithm fastest� .

6. fastest� minimizes������
��
��� �!�"� .

7. fastest��#%$ minimizes������
��
����&('��)�"� .
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Dimension Rangeof Parameters
SimultaneousDownloads

�����

��� '����	��
�� ���	� ��
�� ' ��� '�
���� ��


Work Replication �

���

��� '����	����


FailoverStrategy �

���

��� '����	��
�� ���	� ��
�� ' �	� '�
����(��
 , statictimeouts
ServerSelection Thesevenselectionstrategies

Table1: Rangesof parametersexplored.

Region Num. Servers Num. Serv. Typically Up
University of Alabama (UAB) 7 6-7
University of California - SantaBarbara (UCSB) 6 4-5
Wisconsin(WISC) 4 2-3
United Kingdom (UK) 7 3-4

Table2: Regionsusedin regionaldistribution

4 Experiment

During May andJune2004,we conducteda se-
ries of experimentsin order to study the dy-
namicsof the progress-driven redundancy algo-
rithm. The goal of the experimentswas to de-
terminethe impact of modifying parametersof
the four dimensionswhen downloading a 100
MB (megabyte)�le distributedon thewide area.
Speci�cally, we testedall combinationsof the
rangesof parametersdetailedin Table1. Note
that � cannotexceed

�

, andthat if ��� � , then
blocksareonly retrieduponsocket failure (host
unreachableor socket timeout). For speedde-
terminationandprediction,weemployedastatic
list of observed speedsfrom eachserver. For
the forecastalgorithm,this list wasusedasthe
starting point, and subsequentblock download
speedswere fed into the Network WeatherSer-
vice's forecastingsoftware,to yield a prediction
of thespeedof thenext download.

IBP [13] serverswereusedto storetheblocks
of the�le. IBP is a softwarepackagethatmakes
remotestorageavailable as a sharablenetwork
resource. IBP servers allow clients to allocate
spaceon speci�c servers (called “depots”) and

thenmanagethe transferof datato andfrom al-
locations. IBP serversuseTCPsocketsandcan
operateon a wide varietyof architectures.A list
of publicly available IBP serversand their cur-
rent statuscan be found on the LoCI website:
http://loci.cs.utk.edu . Theclientma-
chine usedfor the experimentsran Linux Red-
Hat version9, hadan Intel (R) Celeron(R) 2.2
GHz processor, and was locatedat the Univer-
sity of Tennesseein Knoxville. The downloads
took place over the commodity Internet. The
testswere executedin a randomorder so that
trendsdue to local or unusualnetwork activity
wereminimized,andeachdatapoint presented
is theaverageof tenruns.

Wetestedtwo separatenetwork �les. Bothare
100 MB �les, broken into blocksof size1 MB.
Eachblock is replicatedat four differentservers.
The two �les differ in the natureof the replica-
tion. The�rst, which we call regional, haseach
block replicatedin four network regions.This is
typical of a pieceof contentthat is beingman-
agedso that it is cachedin strategically chosen
regions. The regions for this �le are detailed
in Table 2. Note, thereare multiple servers in
eachregion, and sincetheseare live servers in
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Figure2: The bestperformanceof eachserver schedulingalgorithm

thewide-area,they havevaryingavailability, also
denotedin thetable.

The second�le is called hodgepodge, as its
blocksarestoredat serversrandomlydistributed
throughoutthe globe. Speci�cally, �fty region-
ally distinctserverswerechosen,andtheblocks
of the�le werestripedacrossall �fty servers.A
list of thesetof serversthatthe�fty werechosen
from for thehodgepodgedistribution is included
in the Appendixalong with a more precisede-
scriptionof thedistribution. In both�les, no two
copiesof thesameblock residedin thesamere-
gion,andnoblockswerestoredat theUniversity
of Tennessee,wheretheclientwaslocated.

5 Results

We presentthe results�rst as broadtrendsfor
eachof the four dimensionspresented.We then
explore more speci�c questionsconcerningthe
interactionbetweenthe parametersandsomeof
thedetailsof thedownloads.

5.1 Broad Trends for Each Dimen-
sion

Figures1 and2 show thebestperformingdown-
loadswhen parametersfor eachdimensionare
�x ed. For example,in theleftmostgraphof Fig-
ure 1,

�

rangesfrom oneto thirty, andfor each
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Figure3: Bestperformanceof eachserver schedulingalgorithm plotted over thr eads

valueof
�

, thecombinationof � , � andschedul-
ing algorithmthatyieldsthebestaveragedown-
loadperformanceis plotted.

Two obviousresultsareclearfrom the�gures.
First, thecompositionof the�le affectsboththe
performanceof downloadingandtheoptimalset
of parameters.The regional �le hasan optimal
downloadspeedof 82 Mbps (Megabitsper sec-
ond),while thehodgepodge�le achievesa lower
optimal speedof 66 Mbps. Second,thenumber
of simultaneousdownloadshas far more basic
impacton theperformanceof thealgorithmthan
thechoiceof � and� . However, it isnottruethat
biggervaluesof

�

necessarilytranslateinto bet-
terperformance.Speci�cally, in theregional�le,
the optimal performancecomeswhen

�

� � � ,
while in thehodgepodge,it occurswhen

�

���(� .
We surmisethat the performanceis bestwhen
the numberof threadscan utilize the capacity
of the network. Beyond that, contentionand
threadcontext-switchoverheadpenalizetheem-
ploymentof morethreads.

From�gure 2,weconcludethatthescheduling
algorithmsthat incorporatesomekind of speed
predictionarethe mostsuccessful.Observe the
poor performanceof the randomalgorithm in
both typesof �le distributions. The strict-load
algorithm also haslow overall performancefor
bothdistributions.While in someapplicationsit

maybenecessaryto adhereto limitationson the
numberof connectionsmadeto thesameserver,
suchlimitations clearly hinder performancefor
thefollowing reasons:�rst, theclientcannottake
advantageof multiple network paths from the
server, and second,in caseswherea greatdis-
parityexistsbetweentheperformanceof servers,
too few downloadsarepermittedfrom thefaster
servers.

The forecast algorithm performs relatively
poorly aswell. A likely explanationof this be-
havior is that its forecastsaretoo coarse-grained
for this applicationandasa result,thealgorithm
cannot adapt quickly enoughto the changing
environment. A �ner grainedforecasterwould
probablyhavebetterperformance,andit is possi-
blethatthecoarseforecastermayhavebetterper-
formancegivena bigger�le andthusmorehis-
tory for eachserverasthedownloadprogresses.

While theredoesnot appearto be an optimal
schedulingalgorithm per se, the threefastest�

algorithmsasawholeoutperformtheothers.

5.2 The Interaction of Server Selec-
tion and Thr eads

Figure3 givesa morein-depthpictureof thein-
teractionof the schedulingalgorithmsand the
numberof threads.Thebestperformanceof each
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Figure4: Breakdown of where blocks camefrom in the best performancesof the fastest� , fastest� , and
strict-load algorithms with 10 thr eads(rangeof averagedownload speedsin Mbps is listed in legend)

Figure5: Breakdown of where blocks camefrom in the best performancesof the fastest� , fastest� , and
strict-load algorithms with 30 thr eads(rangeof averagedownload speedsin Mbps is listed in legend)

algorithmgiventhenumberof threadsis plotted.
The overall trendsin �gure 2 still hold in most
cases.However, in theregionaldistribution, the
forecastalgorithmexperiencesa marked degra-
dation as the numberof threadsincrease. As
notedbefore,the forecastalgorithmappearsto
adapt too sluggishly to the changingenviron-
ment. As the numberof threadsincreases,the
degreeto whicheachserver'sperformancevaries
alsoincreases,dueto the fact thata wider range
of concurrentconnectionscanbe madeto each
server.

5.3 Wheredo the blockscomefr om?

Figures4 and 5 display a breakdown of where
blocks camefrom in someof the the bestper-
forming instancesof the fastest� , fastest� and
strict-load algorithms. The instancesof the re-
gionaldistribution arebrokendown over the re-
gions,while theinstancesof thehodgepodgedis-
tribution are broken down over rangesof aver-
agedownloadspeeds.From earlier �gures, the
strict-load algorithm performspoorly in com-
parison to the other algorithms. In both the
regional and the hodgepodgedistributions, we
can seethat the strict-load algorithm is forced
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Figure6: The relationshipof progressand redundancywith 10 thr eadsover the regionaldistribution
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Figure7: The relationshipof progressand redundancywith 30 thr eadsover the hodgepodgedistribution

to retrieve larger percentagesof its blocksfrom
slower servers. The readermay notice that the
averagedownload speedfrom the UAB region
is fasterfor the strict-load algorithm than it is
for the fastest� and fastest� algorithms. This
is becausethestrict-load algorithmavoidscon-
gestionof TCP streams.However, the fact that
theperformanceof theotheralgorithmsis faster
shows theavailability of morenetwork capacity
from thesesitesthancanbeexploitedby asingle
TCPstream.

This behavior is also apparentin �gure 5
wheretheblocksaresplit up accordingto down-
load speed. Notice that the fastest� algorithm

hasa largerpercentageof blocksin the '�� �

�

'��

�

Mbps rangeanda smallerpercentageof blocks
in the ��� �

�

���

�

Mbps rangethan the fastest�

algorithmeventhoughthefastest� algorithmal-
wayschoosesthe fasterserver regardlessof that
server's load.

5.4 The Interaction of � and �

The interactionof progresswith redundancy is
shown in Figures6 and 7. While better per-
formancedoes tend to lean slightly to higher
progressnumbersin somecases,for the most
part, as long as � � ' , the performancedoes
not changesigni�cantly with progress.In both
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Figure8: Number of failovers with 10 thr eads,R=2, over the regionaldistribution
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Figure9: Number of failovers with 30 thr eads,R=2, over the hodgepodgedistribution

distributions, the performancewhen � � � is
very close to the performancewhen � � '����

or � , when the fastest� and fastest� algorithms
areused.However, in thestrict-load algorithm,
where optimal choicesare not always permit-
ted,theability to addredundantwork to a block
provesto beadvantageous.

5.5 When is AggressiveFailover use-
ful?

Giventhatit is sometimesadvantageousto make
retries,how often is a failover necessary?Fig-
ures8 and9 show thenumberof failoversversus

the progressnumberwhen � � ' andthereare
10 threadsover the regional distribution and30
threadsover the hodgepodgedistribution. The
totalnumberof failoversis shown alongwith the
totalnumberof usefulfailovers,thatis, thenum-
ber of timesa retry wasattemptedandnumber
of timesthe retry completedbeforethe original
attempt. Clearly, small progressnumberslead
to excessive numbersof failovers, while larger
progressnumbersresult in a higher percentage
of useful failovers. It is alsoclear that a higher
percentageof retriesareusefulto thestrict-load
algorithm,which is constrainedto chooseslow
serversat timesbecauseof therestrictionof per-
mitting only singleTCPstreams.
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6 Conclusion

Given a �le that is distributedacrossa system,
how can we best leveragethe propertiesof the
systemto retrieve the �le as quickly as possi-
ble?With regardfor thetwo previouslyproposed
approachesto thisproblem,Progress-DrivenRe-
dundancy and Bandwidth-Prediction,we have
exploredtheimpactandinterrelationshipsof the
following downloadparameters:the numberof
simultaneousdownloads, the degree of redun-
dancy, thefailoverstrategy, andtheserver selec-
tion algorithm.

As an obvious result, we found that perfor-
mancetendsto improveasthenumberof simul-
taneousdownloadsincreasesto a point, andthat
thedistribution of the �le acrossthesystemim-
pactstheway thedownloadparametersperform
andinteract.

With respectto the Bandwidth-Predictionap-
proach, some form of bandwidth prediction
greatly improves performance, and with re-
spect to Progress-Driven Redundancy, some
form of redundancy is very usefulwhenpoorly-
performingservers are selectedfor downloads.
Concerningperformanceprediction,in our tests,
exploiting knowledgefrom the client (concern-
ing theloadfrom eachserver) is morebene�cial
to performancethan having an externalpredic-
tion enginetry to react to the observed condi-
tions. However, asstatedabove, this maybean
artifact of the monitoringgranularity, andmore
�ne-grained monitoringmay lead to betterper-
formanceof predictivealgorithms.

We anticipatethat the results of this work
will be implementedin the Logistical Runtime
System [4], which alreadyimplementsa vari-
antof Progress-DrivenRedundancy asthemajor
downloadingalgorithm for its �le systembuilt
uponfaultyandtime-limitedstorageservers,and
hasseenextensive useasa Video delivery ser-
vice[3] andmedicalvisualizationback-end[10].

This work doeshave limitations. First,we did

notemploy anexternalmonitoringagentsuchas
theNetworkWeatherService.Thisis becausewe
did nothaveaccessto suchasserviceonthebulk
of the machinesin our testbed.With the avail-
ability of sucha service,we anticipatean im-
provementin the fastest� algorithms;however,
we also anticipatethat thesealgorithmsshould
still incorporateknowledgeof server load.

Second,we did not testtheperformancefrom
multiple clients.However, we anticipatethatthe
resultsfrom the oneclient areindicative of per-
formancefrom genericclients,whenthe clients
arenotco-locatedwith thedata.

Third,wedid notassesstheimpactof timeout-
basedstrategies, which have beenshown to be
importantin somesituations[1,15]. Instead,we
have focusedon algorithm progressand socket
timeoutasthefailovermechanism.We intendto
explorethe impactof timeoutsasa complemen-
tary failovermechanismin thefuture.

Finally, erasure codeshave arisenasa viable
alternative to replication for both cachingand
fault-tolerancein wide-area�le systems[5, 14,
19,21]. In future work, we intend to seehow
thesedownloadingalgorithmsapply to �le sys-
tems basedon erasurecodes,what additional
considerationsapply, andwhat the performance
impactis.
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Appendix

Whena �le is distributedwith the hodgepodge
distribution, �fty regionally distinct servers are
chosen,and four copiesof the �le are striped

acrossall �fty servers. Two serversareconsid-
eredto be regionally distinct if the last two el-
ementsof their urls do not match. Of approx-
imately 300 IBP servers, the 133 listed below
weredeterminedto be up fairly frequentlydur-
ing May andJune2004,andof the 133 servers
in the list, between59 and75 regionally distinct
serversweretypically upatagivenmoment.Due
to the instability of sucha large setof globally
distributed servers, an additional two copiesof
the �le were stripedacrossthe �fty chosenfor
experimentation.The downloadtool would tol-
eratefailuresas long aseachblock hadat least
four availablecopies,andthetool wouldonly use
four copiesto completeadownload.
Thefollowingsetof IBP serverswasusedto gen-
erateahodgepodgedistributionof the�le:
200.19.119.112

206.220.241.47

aladdin.planetlab.extranet.uni-passau.de

charcoal.cs.ucsb.edu

cisa.cs.ucsb.edu

csplanetlab3.kaist.ac.kr

disk2.lab.ac.uab.edu

disk3.lab.ac.uab.edu

disk5.lab.ac.uab.edu

disk6.lab.ac.uab.edu

disk7.lab.ac.uab.edu

disk8.lab.ac.uab.edu

dschinni.planetlab.extranet.uni-passau.de

dsi.i2.hawaii.edu

dsj2.uits.iupui.edu

i2tools.cookman.edu

ibp-rm.6net.garr.it

ibp.caspur.6net.garr.it

ibp.doshisha.ac.jp

ibp.ibcp.fr

ibp.uni®.6net.garr.it

ibp1.lab.ac.uab.edu

itchy.cs.uga.edu

kupl1.ittc.ku.edu

kupl2.ittc.ku.edu

lefthand.eecs.harvard.edu

13



pl1.unm.edu

plab1.nec-labs.com

planet1.berkeley.intel-research.net

planet1.cs.huji.ac.il

planet1.cs.rochester.edu

planet1.cs.ucsb.edu

planet1.scs.cs.nyu.edu

planet2.berkeley.intel-research.net

planet2.cs.huji.ac.il

planet2.cs.rochester.edu

planet2.ecse.rpi.edu

planetlab-01.bu.edu

planetlab-1.it.uu.se

planetlab-1.scla.nodes.planet-lab.org

planetlab-2.cmcl.cs.cmu.edu

planetlab-2.cs.princeton.edu

planetlab-2.it.uu.se

planetlab-2.scla.nodes.planet-lab.org

planetlab-3.scla.nodes.planet-lab.org

planetlab02.cs.washington.edu

planetlab03.cs.washington.edu

planetlab1.arizona-gigapop.net

planetlab1.bgu.ac.il

planetlab1.cis.upenn.edu

planetlab1.cnds.jhu.edu

planetlab1.cs.arizona.edu

planetlab1.cs.cornell.edu

planetlab1.cs.northwestern.edu

planetlab1.cs.purdue.edu

planetlab1.cs.ucla.edu

planetlab1.cs.uiuc.edu

planetlab1.cs.unb.ca

planetlab1.cs.virginia.edu

planetlab1.cs.vu.nl

planetlab1.cs.wayne.edu

planetlab1.cse.nd.edu

planetlab1.csres.utexas.edu

planetlab1.diku.dk

planetlab1.eecs.umich.edu

planetlab1.enel.ucalgary.ca

planetlab1.�ux.utah.edu

planetlab1.frankfurt.interxion.planet-lab.org

planetlab1.iis.sinica.edu.tw

planetlab1.it.uts.edu.au

planetlab1.koganei.wide.ad.jp

planetlab1.millennium.berkeley.edu

planetlab1.postel.org

planetlab1.ucsd.edu

planetlab1.xeno.cl.cam.ac.uk

planetlab10.millennium.berkeley.edu

planetlab11.millennium.berkeley.edu

planetlab2.bgu.ac.il

planetlab2.cnds.jhu.edu

planetlab2.cs.dartmouth.edu

planetlab2.cs.purdue.edu

planetlab2.cs.ubc.ca

planetlab2.cs.ucla.edu

planetlab2.cs.unb.ca

planetlab2.cs.uoregon.edu

planetlab2.cs.wayne.edu

planetlab2.csres.utexas.edu

planetlab2.dcs.bbk.ac.uk

planetlab2.di.unito.it

planetlab2.�ux.utah.edu

planetlab2.inria.fr

planetlab2.it.uts.edu.au

planetlab2.millennium.berkeley.edu

planetlab2.postel.org

planetlab2.tamu.edu

planetlab2.ucsd.edu

planetlab3.cambridge.intel-research.net

planetlab3.cs.uoregon.edu

planetlab3.csres.utexas.edu

planetlab3.�ux.utah.edu

planetlab3.millennium.berkeley.edu

planetlab3.ucsd.edu

planetlab3.xeno.cl.cam.ac.uk

planetlab4.millennium.berkeley.edu

planetlab6.millennium.berkeley.edu

planetlab6.nbgisp.com

planetlab7.millennium.berkeley.edu

planetlab7.nbgisp.com

planetlab8.idsl.nodes.planet-lab.org

planetlab8.millennium.berkeley.edu

planetlab9.millennium.berkeley.edu

planetslug1.cse.ucsc.edu
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planlab1.cs.caltech.edu

planlab2.cs.caltech.edu

pli1-crl-1.crl.hpl.hp.com

pli1-crl-2.crl.hpl.hp.com

pli1-pa-3.hpl.hp.com

pli2-pa-1.hpl.hp.com

pli2-pa-2.hpl.hp.com

portal.grid.csp.it

raven.cs.ucsb.edu

recall.snu.ac.kr

ricepl-2.cs.rice.edu

righthand.eecs.harvard.edu

scratchy.cs.uga.edu

silo.showcase.surfnet.nl

valnure.cs.ucsb.edu

video.ils.unc.edu

vn1.cs.wustl.edu

vrvs-ag.internet2.edu

vrvs3.internet2.edu

w20gva.inria.datatag.org

watson.ecs.baylor.edu
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