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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,peerto-peer and Grid le systems. Two
differing algorithms addressingthis challenge
have beenproposedand evaluated. While both
have beensuccessfulin differing performance
scenariostherehasbeenno unifying work that
canview both algorithmsundera single frame-
work. In this paperwe de ne suchaframeawork,
wheredownloadalgorithmsarede ned in terms
of four dimensionsthe numberof simultaneous
downloads,the degree of work replication, the
failover stratgy, andthe sener selectionalgo-
rithm. We thenexploretheimpactof varyingpa-
rametersalongeachof thesedimensions.

1 Intr oduction

In wide-area, peerto-peer and Grid le sys-
tems[6-9,11,13,16-18],thestoragesenersthat
hold datafor usersarewidely distributed.To tol-
eratefailuresandto take advantageof proxim-

ity to a variety of clients, les on thesesystems
aretypically brokeninto blocks,which arethen
replicatedacrosshe wide area.As such,clients
are facedwith an extremely comple problem
whenthey desireto access le. Speci cally:

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

This problem was namedthe “Plank-Beck”
problemby Allen and Wolski [1], who denoted
it as one of the two representatie data move-
mentproblemsfor computationagrids. In 2003,
two major studiesof this problem were pub-
lished[1, 12], andeachpresentedh differental-
gorithm:

A greedyalgorithmwherea client simulta-
neouslydownloadsblocks of the le from
randomseners, and usesthe progressof
the download to specify when a block's
downloadshouldberetried. This is termed
Progress-DriverRedundancy12].



An algorithm where the client serially
downloads blocks from the closestloca-
tion andusesadaptvetimeoutsto determine
whento retry adownload.[1] In this paper
we call thisthe Bandwidth-PedictionStrat-

egy.

In a wide-areaexperiment,Allen and Wolski
shavedthatthe two algorithmsperformedsimi-
larly in theirbestcasegl], but theirperformance
could differ signi cantly. Beyond that conclu-
sion, neither their work, nor the work in [12]
lendsmuchinsightinto why the algorithmsper
form theway they do, how they relateto onean-
otherin a more fundamentalmanney and how
onecandrav generakonclusionsaboutthem.

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

1. Thenumberof simultaneouslonvnloads.
2. Thedegreeof work replication.
3. Thefailover strateyy.

4. The selectionof sener schedulingalgo-
rithm.

We conclude that the two most important
dimensionsof downloading algorithmsare the
number of simultaneousdownloads, and the
sener selectionalgorithm. The othersdo impact
performanceput the extent of their impactde-
pendonthenumberof downloadsandthesener
selectionalgorithm.

2 Framework

In this section, a framewvork is built under
which Progress-Dxien Redundang and the

Bandwidth-PredictiorStrategy can both reside.
The objectof this exerciseis not to prove ulti-
matelythatoneapproachs betterthanthe other
but insteadio obsene thewaysin which thetwo
algorithmsare similar and different, and to ex-
plorethe successfuaspect®f eachalgorithm.

Givena le thatis partitionedinto blocksthat
arereplicatedthroughouta le systemthechal-
lengeof retrieving it is composedf four basic
dimensions:

The number of simultaneousdownloads
How mary blocks should be retrieved in
parallel? The trade-of in this decisionis
asfollows: toofew simultaneouslowvnloads
may resultin the incoming bandwidthnot
matchingthat of the client, andin the la-
teng/ of downloadshaving too greatanim-
pact; while too mary simultaneousdown-
loadsmayresultin congestionegitherin the
network or at the client. We quantify the
numberof simultaneousionnloadsby the
variable , assimultaneousiownloadsare
usuallyimplementedvith multiple threads.

The degree of work replication: Overall,
what percentagef the work shouldbe re-
dundant? We assumethat blocks are re-
trievedin their entirety or notatall. Thus,
whenmultiple retrievals of the sameblock
arebegun, ary datacollectedin additionto
one completecopy of the block from one
sourceis discarded. In our study work
replication is parameterizedby the vari-
able , whichisthemaximumnumberof si-
multaneousiownloadsallowedfor any one
block.

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



meansof detectingfailure, thenthey must
beaccuratef failuresareto behandledef -
ciently. While adaptve timeoutshave been
shown to performaswell asoptimally cho-
senstatictimeouts[2, 15], their implemen-
tation is more complicatedthanthe imple-
mentationof statictimeouts.

An alternatve to failure identi cation via
timeoutsis the approachusedin Progress-
DrivenRedundang, wherethe succes®f a
givenretrieval attemptis evaluatedin com-
parisonto the progres®f therestof the le.
When the download of a block is deemed
to be progressingoo slowly, additionalat-
temptsare simultaneouslymadeto retrieve
theblock. The rst attemptneednot beter
minatedwhen newv attemptsbegin, andin
this way, all of thework of the rst attempt
is notlostif it nishes shortly afterthe new
attemptsbegin. We guantify the notion of
download progresswith the parameter
which speci es how much progressneeds
to be madewith the le afterablock’s rst
downloadbegins beforethatblock requires
replication.

The selectionof sewer scheduling algo-

rithm : Which replicaof a block shouldbe

retrieved? When blocks of a le are dis-

tributed, especiallyover the wide area,the

senerswheredifferent copiesof the same
block residehave differentproperties Each
serer possessetvo traits by which it may

becharacterizedspeedandload. A sener's

speeds approximatelybandwidth,or more
speci cally, thetime the sener takesto de-

liveroneMB. A sener'sloadis the number
of threadscurrentlyconnectedo the sener

from our client application. We investigate
sevensener schedulingalgorithms,eachof

whichis describedn section3.3

3 Algorithms

Now thataframeworkis establishedior thecom-
parisonof wide-areadownload algorithms,the
Progress-Dxien Redundang and Bandwidth-
PredictionStrategyy algorithmsare presentedn
sections3.1 and 3.2, respectiely. Following
that, several sener schedulingalgorithms are
outlined.

In orderto understandhedetailsof thefollow-
ing algorithms,supposdhe desiredle is subdi-
videdinto blocks,andthe blocksareindexed by
their offsetin the le. Supposalsothateachof
the le' sblocksisreplicated timessuchthatno
two copiesof the sameblock residein the same
place. The algorithmsattemptto acquireblocks
by the orderof theirindices.

3.1 Progress-Drven Redundancy

As originally de ned [12], with Progress-Drxien
Redundanyg, a progressanumber andaredun-
dany number areselectedat startup. Strictly
speaking, cannotbegreaterthan . Thenum-
ber of threads,which determineghe maximum
numberof simultaneouslownloads,is alsocho-
sen.

Eachblock is given a download numberini-
tializedto zero. Thedownloadnumberof ablock
is incrementedvhene&er athreadattemptdo re-
trieve oneof theblock's copies.Whenathreadis
readyto selecta new block to download,it rst
checksto seeif a block exists that hasa down-
load numberlessthan , suchthat more than

blockswith higheroffsetsin the le have al-
readybeenretrieved. If suchblocksexist, then
thethreadchooseghe block with the lowestoff-
setthat meetstheserequirements.If not, then
thethreadselectgheblock with thelowestoffset
whosedownloadnumberis zero.

Sinceblocksneartheendof the le cannever
meet the progressrequirement,once a thread

nds thatno moreblockscanbeselectedaccord-



ing to download number , and ; it selects
theblock with thelowestoffsetwhosedownload
numberis lessthan . We call this a “swarm
nish”.

Relating back to the previously outlined
framework, the number of threadsdetermines
the numberof simultaneousiovnloads;the re-
dundang numberdetermineshe degreeof work
replication;andthe progressaumberdetermines
the failover stratgy. Wheninitially presented,
the sener schedulingassumedhat the le was
fully replicatedateverysite,andthreadsvereas-
signedto individual seners[12]. This wasaug-
mentedin [1] so that sener selectionwas per
formedrandomly In thiswork, we exploreava-
riety of sener selectionalgorithms.

3.2 Bandwidth-Prediction Strategy

To proceedwith the Bandwidth-Predictiorstrat-
egy, we simply needa meango determinevhich
sener is the closest,or the fastest. The original
authorsassumethat the Network WeatherSer
vice [20] is implementedat eachsite, and em-
ploy thatto determinesener speed. Then, the
blocksareretrievedin order oneat atime, from
the fastestsener. Timeouts,whosevaluesare
determinedy the NWS, areusedasthefailover
stratgy. Thus, relating back to the previously
outlinedframavork, isone, is one,failover
is determinedy timeoutsandsenerselections
donewith anexternalbandwidthpredictor

3.3 Sewer Scheduling

The original work on Progress-Drien Redun-
dang did not addresssener scheduling. The
work of Allen and Wolski employed the Net-
work WeatherServicefor the Bandwidth Pre-
diction Algorithm, andrandomsener selection
for Progress-Dxien Redundang In this paper
we explore a wider variety of sener selection
algorithms. We assumeeither that there is a

bandwidthmonitoringentity suchastheNetwork
WeatherService,or thatthe client hasaccesgo
previous performancerom the variousseners,
andcanaugmenthat with performancemetrics
gleanedfrom the downloaditself. With this as-
sumptionwe outlinesevensenerselectioralgo-
rithms:

1. The random stratgly choosesa random
sener.

2. Theforecastalgorithmusesmonitoringand
forecastingto selectthe sener that should
have the bestperformance.

3. The lightest-load algorithm assignsa cur-
rentload to eachsener. Thisis equalto
the numberof threadscurrently download-
ing from the sener, andis monitoredby the
client. With lightest-load, the sener with
smallestvalueof is selected.In the case
of ties, sener speedis employed, and the
fastesseneris selected.

4. The strict-load algorithm enforces tcp-
friendlinessby disalloving multiple simul-
taneousconnectiongo the samesener. It
works just like lightest-load, exceptit al-
wayschoosesenerswhere . If there
areno unloadedseners,thenno senersare
selected.

5. Theremainingthreealgorithmsusea com-
bination of load and speedto rank the
seners. Speci cally, they selectthe sener
with smallestvaluesof :
where is the predictedtime to down-
load one block of the le whenthereis no
contention. For , we call this algo-
rithm fastest.

6. fastest minimizes

7. fastest minimizes



Dimension

Rangeof Parameters

Simultaneou®ownloads
Work Replication
Failover Stratgy

Sener Selection

, Statictimeouts

Thesevenselectionstratgies

Tablel: Rangesof parametersexplored.

Region

University of Alabama (UAB)

Wisconsin(WISC)
United Kingdom (UK)

University of California - SantaBarbara (UCSB)

Num. Seners | Num. Serv Typically Up
7 6-7
6 4-5
4 2-3
7 3-4

Table2: Regionsusedin regionaldistrib ution

4 Experiment

During May andJune2004,we conducteda se-
ries of experimentsin order to study the dy-
namicsof the progress-dxien redundang algo-
rithm. The goal of the experimentswasto de-
terminethe impact of modifying parameteref
the four dimensionswhen downloadinga 100
MB (megabyte) le distributedonthewide area.
Speci cally, we testedall combinationsof the
rangesof parametersletailedin Table1l. Note
that cannotexceed , andthatif , then
blocksareonly retrieduponsoclet failure (host
unreachabler soclet timeout). For speedde-
terminationandprediction,we employedastatic
list of obsened speedsfrom eachsener. For
the forecastalgorithm, this list was usedasthe
starting point, and subsequenblock download
speedsverefed into the Network WeatherSer
vice's forecastingsoftware,to yield a prediction
of the speedf the next download.

IBP [13] senerswereusedto storethe blocks
of the le. IBP is asoftwarepackagdehatmakes
remotestorageavailable as a sharablenetwork
resource. IBP seners allow clientsto allocate
spaceon speci ¢ seners (called “depots”) and

thenmanagehe transferof datato andfrom al-
locations. IBP senersuseTCP socletsandcan
operateon awide variety of architecturesA list
of publicly available IBP senersandtheir cur
rent statuscan be found on the LoCl website:
http://loci.cs.utk.edu . Theclientma-
chine usedfor the experimentsran Linux Red-
Hat version9, hadan Intel (R) Celeron(R) 2.2
GHz processqgrand was locatedat the Univer-
sity of Tennesse@ Knoxville. The downloads
took place over the commodity Internet. The
testswere executedin a randomorder so that
trendsdue to local or unusualnetwork actwvity
were minimized, and eachdatapoint presented
is theaverageof tenruns.

We testedwo separat@etwork les. Bothare
100 MB les, brokeninto blocksof sizel MB.
Eachblockis replicatedat four differentseners.
Thetwo les differ in the natureof the replica-
tion. The rst, which we call regional haseach
block replicatedn four network regions. Thisis
typical of a pieceof contentthatis being man-
agedso thatit is cachedin stratgically chosen
regions. The regions for this le are detailed
in Table2. Note, thereare multiple senersin
eachregion, and sincetheseare live senersin
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thewide-areathey have varyingavailability, also
denotedn thetable.

The secondle is called hodgepodge asits
blocksarestoredat senersrandomlydistributed
throughoutthe globe. Speci cally, fty region-
ally distinctsenerswerechosenandtheblocks
of the le werestripedacrossall fty seners.A
list of thesetof senersthatthe fty werechosen
from for the hodgepodgelistributionis included
in the Appendixalongwith a more precisede-
scriptionof thedistribution. In both les, notwo
copiesof the sameblock residedin the samere-
gion,andno blockswerestoredat the University
of Tennesseayherethe clientwaslocated.

5 Results

We presentthe results rst as broadtrendsfor
eachof the four dimensiongpresentedWe then
explore more speci ¢ questionsconcerningthe
interactionbetweenthe parametersind someof
thedetailsof thedownloads.

5.1 Broad Trends for Each Dimen-
sion

Figuresl and2 show the bestperformingdown-
loadswhen parameterdor eachdimensionare
X ed. For example,in theleftmostgraphof Fig-
urel, rangesfrom oneto thirty, andfor each
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valueof ,thecombinatiorof , andschedul-
ing algorithmthatyieldsthe bestaveragedown-
load performancas plotted.

Two obviousresultsareclearfrom the gures.
First, the compositionof the le affectsboththe
performanceof dowvnloadingandthe optimal set
of parameters.The regional le hasan optimal
download speedof 82 Mbps (Megabitsper sec-
ond),while thehodgepodgde achieresalower
optimal speedof 66 Mbps. Secondthe number
of simultaneousddownloadshas far more basic
impacton the performancef the algorithmthan
thechoiceof and . However,itisnottruethat
biggervaluesof necessarilyranslatanto bet-
terperformanceSpeci cally, in theregional le,
the optimal performancecomeswhen :
while in thehodgepodget occurswhen
We surmisethat the performanceis bestwhen
the numberof threadscan utilize the capacity
of the network. Beyond that, contentionand
threadcontet-switch overheadpenalizethe em-
ploymentof morethreads.

From gure 2, we concludehatthescheduling
algorithmsthat incorporatesomekind of speed
predictionarethe mostsuccessful.Obsene the
poor performanceof the randomalgorithm in
both typesof le distributions. The strict-load
algorithmalso haslow overall performancefor
bothdistributions. While in someapplicationst

may be necessaryo adherego limitationson the
numberof connectionsnadeto the samesener,

suchlimitations clearly hinder performancefor

thefollowing reasons:rst, theclientcannotake

adwantageof multiple network pathsfrom the
sener, and second,in caseswherea greatdis-

parity existsbetweertheperformancef seners,
too few downloadsare permittedfrom the faster
seners.

The forecast algorithm performs relatively
poorly aswell. A likely explanationof this be-
havior is thatits forecastsaretoo coarse-grained
for this applicationandasaresult,the algorithm
cannot adapt quickly enoughto the changing
ervironment. A ner grainedforecastemwould
probablyhave betterperformanceandit is possi-
blethatthecoarsdorecastemayhave betterper
formancegivena bigger le andthusmorehis-
tory for eachsener asthedownloadprogresses.

While theredoesnot appearto be an optimal
schedulingalgorithm per se the threefastest
algorithmsasawhole outperformthe others.

5.2 The Interaction of Sewer Selec-
tion and Threads

Figure3 givesa morein-depthpictureof thein-
teractionof the schedulingalgorithmsand the
numberof threads Thebestperformancef each



Figure4: Breakdowvn of where blocks camefrom in the best performancesof the fastest , fastest, and
strict-load algorithms with 10threads(range of averagedownload speedsn Mbps is listed in legend)

Figure5: Breakdavn of where blocks camefrom in the best performancesof the fastest , fastest, and
strict-load algorithms with 30threads(range of averagedownload speedsn Mbps is listed in legend)

algorithmgiventhe numberof threadss plotted.
The overall trendsin gure 2 still hold in most
cases.However, in theregional distribution, the
forecastalgorithmexperiencesa marked degra-
dation as the numberof threadsincrease. As
notedbefore,the forecastalgorithm appeardo
adapttoo sluggishly to the changingernviron-
ment. As the numberof threadsincreasesthe
degreeto whicheachsener's performancevaries
alsoincreasesgueto the factthata wider range
of concurrentconnectionsan be madeto each
sener.

5.3 Wheredo the blocks comefrom?

Figures4 and5 display a breakdevn of where
blocks camefrom in someof the the bestper
forming instancesof the fastest, fastest and
strict-load algorithms. The instancesf the re-
gional distribution arebroken down over the re-
gions,while theinstance®f thehodgepodgelis-
tribution are broken down over rangesof aver
agedownload speeds.From earlier gures, the
strict-load algorithm performspoorly in com-
parisonto the other algorithms. In both the
regional and the hodgepodgdlistributions, we
can seethat the strict-load algorithmis forced
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to retrieve larger percentagesf its blocksfrom
slower seners. The readermay notice that the
averagedownload speedfrom the UAB region
is fasterfor the strict-load algorithmthanit is
for the fastest and fastest algorithms. This
is becausedhe strict-load algorithmavoids con-
gestionof TCP streams.However, the fact that
the performancef the otheralgorithmsis faster
shaws the availability of more network capacity
from thesesitesthancanbe exploitedby asingle
TCPstream.

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

hasa largerpercentagef blocksin the

Mbps rangeand a smallerpercentagef blocks
in the Mbps rangethan the fastest

algorithmeventhoughthe fastest algorithmal-
wayschooseghe fastersener regardlesf that
sener'sload.

5.4 The Interaction of and

The interactionof progresswith redundang is
shavn in Figures6 and 7. While better per
formancedoestend to lean slightly to higher
progressnumbersin somecases,for the most
part, aslong as , the performancedoes
not changesigni cantly with progress.In both
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distributions, the performancewvhen is
very closeto the performancewhen

or , whenthe fastest andfastest algorithms
areused.However, in the strict-load algorithm,
where optimal choicesare not always permit-
ted, the ability to addredundantvork to a block
provesto beadwantageous.

5.5 Whenis Aggressve Failover use-
ful?

Giventhatit is sometimesdwantageou$o make
retries,how oftenis a failover necessary?ig-
ures8 and9 showv the numberof failoversversus

the progressnumberwhen andthereare
10 threadsover the regional distribution and 30
threadsover the hodgepodgalistribution. The
total numberof failoversis shaovn alongwith the
total numberof usefulfailovers,thatis, thenum-
ber of timesa retry was attemptedand number
of timesthe retry completedbeforethe original
attempt. Clearly, small progressnumberslead
to excessve numbersof failovers, while larger
progressnumbersresultin a higher percentage
of usefulfailovers. It is alsoclearthata higher
percentagef retriesareusefulto the strict-load
algorithm, which is constrainedo chooseslow
senersattimesbecausef therestrictionof per
mitting only singleTCP streams.



6 Conclusion

Givena le thatis distributed acrossa system,
how canwe bestleveragethe propertiesof the

systemto retrieve the le as quickly as possi-
ble?With regardfor thetwo previously proposed
approacheto this problem,Progress-Drien Re-

dundang and Bandwidth-Predictionwe have

exploredtheimpactandinterrelationship®f the

following download parametersthe numberof

simultaneousdownloads, the degree of redun-
dang, the failover strategy, andthe sener selec-
tion algorithm.

As an obvious result, we found that perfor
mancetendsto improve asthe numberof simul-
taneougdownloadsincreaseso a point, andthat
the distribution of the le acrossthe systemim-
pactsthe way the download parameterperform
andinteract.

With respectto the Bandwidth-Predictiorap-
proach, some form of bandwidth prediction
greatly improves performance, and with re-
spect to Progress-Dxien Redundang some
form of redundang is very usefulwhenpoorly-
performing seners are selectedfor downloads.
Concerningperformancerediction,in our tests,
exploiting knowledgefrom the client (concern-
ing theloadfrom eachsener) is morebene cial
to performancethan having an external predic-
tion enginetry to reactto the obsened condi-
tions. However, asstatedabove, this may be an
artifact of the monitoring granularity and more
ne-grained monitoring may leadto betterper

formanceof predictve algorithms.

We anticipatethat the results of this work
will be implementedn the Logistical Runtime
System [4], which alreadyimplementsa vari-
antof Progress-DrienRedundang asthe major
downloadingalgorithm for its le systembuilt
uponfaulty andtime-limitedstorageseners,and
hasseenextensie useasa Video delivery ser
vice [3] andmedicalvisualizationback-end10].

This work doeshave limitations. First, we did

11

notemploy anexternalmonitoringagentsuchas
theNetwork WeatheiService.Thisis becauseve
did nothave accesso suchasserviceonthebulk
of the machinesn our testbed. With the avail-
ability of sucha service,we anticipatean im-
provementin the fastest algorithms;however,
we also anticipatethat thesealgorithmsshould
still incorporateknowledgeof senerload.

Secondwe did not testthe performancdrom
multiple clients. However, we anticipatethatthe
resultsfrom the oneclient areindicative of per
formancefrom genericclients,whenthe clients
arenotco-locatedvith thedata.

Third, we did notassestheimpactof timeout-
basedstratayies, which have beenshown to be
importantin somesituationg[1, 15]. Insteadwe
have focusedon algorithm progressand soclet
timeoutasthefailover mechanismWe intendto
exploretheimpactof timeoutsasa complemen
tary failover mechanismn thefuture.

Finally, erasure codeshave arisenasa viable
alternatve to replication for both cachingand
fault-tolerancan wide-areale systemg[5, 14,
19,21]. In future work, we intendto seehow
thesedownloadingalgorithmsapply to le sys-
tems basedon erasurecodes, what additional
considerationgpply, andwhat the performance
impactis.
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Appendix
Whena le is distributed with the hodgepodge

distribution, fty regionally distinct senersare
chosen,and four copiesof the le are striped
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acrossall fty seners. Two senersare consid-
eredto be regionally distinctif the lasttwo el-
ementsof their urls do not match. Of approx-
imately 300 IBP seners, the 133 listed below
were determinedo be up fairly frequentlydur-
ing May and June2004, and of the 133 seners
in thelist, betweerb9 and75 regionally distinct
senersweretypically upatagivenmoment.Due
to the instability of sucha large setof globally
distributed seners, an additionaltwo copiesof
the le were stripedacrossthe fty chosenfor
experimentation.The downloadtool would tol-
eratefailuresaslong as eachblock had at least
four availablecopies andthetool wouldonly use
four copiesto completea download.
Thefollowing setof IBP senerswasusedo gen-
eratea hodgepodgélistribution of the le:
200.19.119.112

206.220.241.47

aladdin.planetlabxtranet.uni-passa.de

charcoal.cs.ucskdu

cisa.cs.ucsbdu

csplanetlab3.kaist.ac.kr

disk2.labac.uatedu

disk3.labac.ualkedu

disk5.labac.uakedu

disk6.labac.uatedu

disk7.labac.uatedu

disk8.labac.uatedu

dschinni.planetlabxtranetuni-passau.de

dsi.i2.havaii.edu

dsj2.uits.iupui.edu

i2tools.cookman.edu

ibp-rm.6net.garit

ibp.caspubnet.garit

ibp.doshisha.ac.jp

ibp.ibcp.fr

ibp.uni®.6net.garit

ibpl.labac.uatedu

itchy.cs.uga.edu

kupll.ittc.ku.edu

kupl2.ittc.ku.edu

lefthand.eecs.haavd.edu



pll.unm.edu
plabl.nec-labs.com
planetl.beréley.intelresardc.net
planetl.cs.huji.ac.il
planetl.cs.rochestedu
planetl.cs.ucsbdu
planetl.scs.csyn.edu
planet2.beréley.intelresardc.net
planet2.cs.huji.ac.il
planet2.cs.rochestedu
planet2.ecse.rpi.edu
planetlab-01.b.edu
planetlab-1.it.uu.se
planetlab-1.scla.nodes.plahehorg
planetlab-2.cmcl.cs.cmu.edu
planetlab-2.cs.princetonied
planetlab-2.it.uu.se
planetlab-2.scla.nodes.plathahorg
planetlab-3.scla.nodes.plahehorg
planetlab02.cs.ashington.edu
planetlab03.cs.ashington.edu
planetlabl.arizona-gapopnet
planetlabl.bgu.ac.il
planetlabl.cis.upenn.edu
planetlabl.cnds.jhu.edu
planetlabl.cs.arizona.edu
planetlabl.cs.cornell.edu
planetlabl.cs.northwestern.edu
planetlabl.cs.purdue.edu
planetlabl.cs.ucla.edu
planetlabl.cs.uiuc.edu
planetlabl.cs.unta
planetlabl.cs.wyinia.edu
planetlabl.cs.vu.nl
planetlabl.cs.ayne.edu
planetlabl.cse.nd.edu
planetlabl.csres.uas.edu
planetlabl.diku.dk
planetlabl.eecs.umich.edu
planetlabl.enel.ucalgeca

planetlabl. ux.utah.edu

planetlabl.frankfurt.int&ion.planetlab.org

planetlabl.iis.sinica.edu.tw

planetlabl.it.uts.edu.au
planetlabl.&ganei.wide.ad.jp
planetlabl.millennium.begley.edu
planetlabl.postel.gr
planetlabl.ucsd.edu
planetlabl.&no.cl.cam.ac.uk
planetlab10.millennium.begley.edu
planetlab11.millennium.begley.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.unta
planetlab2.cs.uogen.edu
planetlab2.cs.ayne.edu
planetlab2.csres.was.edu
planetlab2.dcs.bbk.ac.uk
planetlab2.di.unito.it

planetlab2. ux.utah.edu
planetlab2.inria.fr
planetlab2.it.uts.edu.au
planetlab2.millennium.begley.edu
planetlab2.postel.gr
planetlab2.tamu.edu
planetlab2.ucsd.edu
planetlab3.cambridge.intedseach.ne¢
planetlab3.cs.uogen.edu
planetlab3.csres.uas.edu
planetlab3. ux.utah.edu
planetlab3.millennium.begley.edu
planetlab3.ucsd.edu
planetlab3.&no.cl.cam.ac.uk
planetlab4.millennium.begley.edu
planetlab6.millennium.begley.edu
planetlab6.nbgisp.com
planetlab7.millennium.begley.edu
planetlab7.nbgisp.com
planetlab8.idsl.nodes.planahlbrg
planetlab8.millennium.begley.edu
planetlab9.millennium.begley.edu

planetslugl.cse.ucsc.edu



planlabl.cs.caltech.edu
planlab2.cs.caltech.edu
plil-crl-1.crl.hpl.hp.com
plil-crl-2.crl.hpl.hp.com
plil-pa-3.hpl.hp.com
pli2-pa-1.hpl.hp.com
pli2-pa-2.hpl.hp.com
portal.grid.csp.it
raven.cs.ucsledu
recall.snu.ac.kr
ricepl-2.cs.rice.edu
righthand.eecs.haaxd.edu
scratchycs.uga.edu
silo.shavcase.surfnet.nl
valnure.cs.ucsbdu
video.ils.unc.edu
vnl.cs.wustl.edu
vrvs-ag.internet2.edu
vrvs3.internet2.edu
w20g\a.inria.datatag.gr

watson.ecs.bayl@du
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