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Abstract

Theproblemof ef�ciently retrieving a �le that hasbeen
brokeninto blocksanddistributedacrossthewide-areaper-
vadesapplicationsthat utilize Grid, peer-to-peer, and dis-
tributed�le systems.While theuseof erasure codesto im-
provethefault-toleranceandperformanceof wide-area�le
systemshasbeenexplored, there hasbeenlittle work that
assessestheperformanceandquanti�estheimpactof mod-
ifying variousparameters. Thispaperperformssuch anas-
sessment.We modifyour previouslyde�ned framework for
studyingreplication in the wide-area [6] to include both
Reed-SolomonandLow-DensityParity-Check (LDPC)era-
sure codes.We thenusethis framework to compare Reed-
SolomonandLDPC erasure codesin threewide-area,dis-
tributedsettings.We concludethat althoughLDPC codes
haveanadvantageoverReed-Solomoncodesin termsofde-
codingcost,thisadvantagedoesnotalwaystranslateto the
bestoverall performancein wide-areastoragesituations.

1. Intr oduction

The coordinationof widely distributed �le servers is a
complex problem that challengeswide-area,peer-to-peer
and Grid �le systems. Systemslike OceanStore[16],
LoCI [3], and BitTorrent [5] aggregate wide-areacollec-
tionsof storageserversto store�les on thewide-area.The
�les arebrokeninto �x ed-sizeblocks,whicharedistributed
amongthe disparateservers. To addressissuesof local-
ity andfault-tolerance,erasure codingis employed, albeit
normally in theprimitive form of block replication. When
a client needsto download a �le from this collection of
serversto asinglelocation,heor sheis facedwith avariety
of decisionsto make abouthow to performthe download.
This hasbeentermedthe “Plank-Beck” problemby Allen
andWolski, who deemedit oneof two fundamentalprob-
lemsof datamovementin Grid Computingsystems[1].

In previouswork, wede�nedaframework for evaluating

algorithmsfor downloadingreplicatedwide-area�les [6].
In this paper, we extendthis framework to includeerasure
coding,andperformanevaluationof algorithmsfor down-
loading erasure-encoded�les in threewide-areasettings.
This work is signi�cant as it is the �rst pieceof work to
evaluatethe relative performanceof Reed-Solomoncodes
andLDPC codesin a realistic,wide-areaenvironmentwith
aggressive, multithreadeddownloading algorithms. The
two typesof erasurecodespresentdifferent downloading
anddecodingtrade-offs, andin mostcases,Reed-Solomon
codesperformwell whensetsaresmallandtheclient'scon-
nectionto thenetwork is limited – situationslikely to arise
in wide-areastoragesystems.

2. The “Plank-Beck” Problem

Wearegivenacollectionof storageserverson thewide-
area,anda large�le thatwedesireto storeontheseservers.
The�le is partitionedinto blocks(termed“datablocks”)of
a �x edsize,andanerasurecodingschemeis usedto calcu-
late somenumberof additional“coding” blocks. The col-
lectionof dataandcodingblocksarethendistributedamong
thestorageservers. At somepoint, a client at a givennet-
work locationdesiresto downloadthe �le, eitherin its en-
tirety, or in a streamingfashion.Simply stated,the“Plank-
Beck” problemis: How doesthe client download the �le
with thebestperformance.

Thesimplesterasurecodingschemeis replication– each
block of the �le is storedat morethanoneserver. In this
case,algorithmsfor solvingthe“Plank-Beck”problemmay
beparameterizedin four dimensions[6]:

1. T, thenumberof simultaneousdownloads.
2. R, the degree of work replication; that is, what is

the maximumnumberof simultaneousdownloadsof
ablock?

3. P, the failover strategy, or how many blocksmustbe
retrieved after a given block's �rst download begins
beforethatblock requiresreplication?



4. The server selectionstrategy. We focus on the two
bestperformingserverselectionalgorithmswith repli-
cationfrom [6], calledfastest0 andfastest1. Fastest0
alwaysselectsthefastestserver. Fastest1 addsa “load
number” for the numberof threadscurrently down-
loading from eachserver, and selectsthe server that
minimizes this combinationof predicteddownload
timeandloadnumber.

Theoptimalchoiceof parametersdependson many fac-
tors,includingthedistribution of the�le andtheability for
the client to utilize monitoringandforecasting[19]; how-
ever, a few generalconclusionsweredrawn. First, thenum-
ber of simultaneousdownloadsshouldbe large enoughto
saturatethe network pathsto the client, without violating
TCP-friendlinessin sharednetworks. Second,work repli-
cationshouldbepresent,but notover-aggressive; ideally, it
combineswith a failover strategy thatperformswork repli-
cation when the progressof the download falls below a
threshold. Finally, if monitoring software is present,fast
servers (with respectto the client) shouldbe selected,al-
thoughidealalgorithmsconsiderboththeforecastedspeed
from serverandtheloadinducedontheserverby thedown-
load itself. When we add more complex erasurecoding,
someadditionalparametersmanifestthemselves. We de-
�ne themafterexplainingerasurecodesin moredetail.

3. ErasureCoding

Erasurecodeshavearisenasaviablealternative to repli-
cation for both cachingand fault-tolerancein wide-area
�le systems[4, 15,17,20]. Formally de�ned, with era-
surecoding,n datablocksareusedto constructm coding
(or “check”) blocks,wheredataandcheckblockshave the
samesize. Theencodingrate is n

n + m . Subsetsof thedata
andcodingblocksmay be usedto reconstructthe original
set of datablocks. Ideally, thesesubsetsare madeup of
any n dataor checkblocks,althoughthis is not alwaysthe
case.Replicationis a very simpleform of erasureencod-
ing (with n = 1 andm > 1). In comparisonto replica-
tion, morecomplex erasurecodingtechniques(with n > 1
and m > 1) reducethe burden of physical storagere-
quiredto maintainhigh levelsof fault tolerance.However,
sucherasurecoding can introducecomputationallyinten-
siveencodinganddecodingoperations.Weexplorethetwo
mostpopulartypesof erasurecodingin this paper:Reed-
Solomoncoding, and Low-Density Parity-Check(LDPC)
coding.They aresummarizedbelow.

3.1.Reed­SolomonCoding

Reed-Solomoncodeshave beenusedfor fault-tolerance
in a varietyof settings[7–9,11,20]. Their basicoperation
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Figure 1. An example LDPC code where n = 5
and m = 5

is asfollows. Then datablocksarepartitionedinto words
of a �x edsize,anda collectionof n wordsformsa vector.
A distribution matrix is employedsothat thecheckblocks
arecalculatedfrom thevectorwith m dot products.Galois
Field arithmeticis usedsoall elementshave multiplicative
inverses.Thentheactof decodingis straightforward.Given
any n of thedataandcheckblocks,a decodingmatrix may
bederived from thedistribution matrix, andthe remaining
datablocksmaybecalculatedagainwith dotproducts.

A tutorial on Reed-Solomoncodingis availablein [12,
14]. Reed-Solomoncodingis expensivefor severalreasons.
First, thecalculationof checkblock requiresann-way dot
product. Thus, creatingm checkblocks of size B hasa
complexity of O(B mn), whichgrowsratherquickly with n
andm. Second,decodinginvolvesanO(n3) matrix inver-
sion. Third, decodinginvolves anothern-way dot prod-
uct for eachdatablock that needsto be decoded.Fourth,
Galois-Fieldmultiplication is moreexpensive thaninteger
multiplication. For that reason,Reed-Solomoncoding is
usually deemedappropriateonly for limited valuesof n
andm. See[4, 15] for somelimited evaluationsof Reed-
Solomoncodingasn andm grow.

3.2.LDPC Coding

LDPC coding is an interesting alternative to Reed-
Solomon coding. LDPC codes are basedon bipartite
graphs,wherethe datablocksarerepresentedby the left-
handnodes,and the checkblocks are representedby the
right-handnodes. An examplefor n = 5 andm = 5 is
givenin Figure1. Eachcheckblock is calculatedto bethe
bitwiseexclusive-orof all datablocksincidentto it. Thus,
for example,blockC1 in Figure1 is equaltoD1� D3� D5.
A checkblock canonly beusedto reconstructdatablocks
to which it is adjacentin the graph. For example,check
block C1 canonly be usedto reconstructdatablock D1,
D3, or D5. If we assumethat the blocksaredownloaded
randomly, sometimesmore than n blocks are requiredto
reconstructall of the datablocks. For example,suppose
blocksD3; D4; D5; C2, andC5 areretrieved. Thereis no
way to reconstructblock D1 with theseblocks,anda sixth



Table 1. Experiment space
Parameter Rangeof Parameters
SimultaneousDownloads T 2 [20; 30]
Work Replicationand f R; Pg 2 [f 1; 1g; f 2; (30=n)g]

FailoverStrategy
ServerSelection fastest0 , fastest1
Block Selection db-�rst , no-pref
Coding n 2 [5; 10; 20; 50; 100],

m = n

blockmustberetrieved.Furthermore,if thenext block ran-
domly chosenis D2 (even thoughit canbe decodedwith
blocksD3; D4, andC5), thenit is still impossibleto recon-
structblock D1 anda seventhblock is required. A graph
G's overhead,o(G), is the averagenumberof blocks re-
quiredto decodetheentireset,andits overheadfactorf (G)
is equalto o(G)=n.

Unlike Reed-Solomoncodes,LDPC codeshave over-
headfactorsgreaterthanone.However, LDPCcodeshavea
rich theoreticalhistorywhichhasshown thatin�nitely sized
codesof given rateshave overheadfactorsthat approach
one[10,18]. For smallcodes(n � 100), optimalcodesare
in generalnot known, but a recentexplorationhasgener-
atedcodeswhoseoverheadfactorsare roughly 1.15 for a
rateof 1

2 [15]. We useselectedcodesfrom this exploration
for evaluationin thispaper.

4. Experimental Setup

We performeda set of experimentsto compareReed-
Solomon and LDPC codes. The experiments were
“li ve” experimentson a real wide-areanetwork. The
storageservers were Internet BackplaneProtocol (IBP)
servers[13], whichservetime-limited,sharedwritablestor-
agein the network. The actualservers that we usedwere
partof theLogisticalBackbone[2], acollectionof over300
IBP serversin variouslocationsworldwide.

In our experiments,we storeda 100 MB �le, decom-
posedinto 1 MB blockspluscodingblocks,anddistributed
themon the network. Thenwe testedthe performanceof
downloadingthis �le to a client at the University of Ten-
nessee.The client machineran Linux RedHatversion9,
andhadanIntel (R) Celeron(R) 2.2GHz processor. Since
thedownloadstook placeover thecommodityInternet,the
testswereexecutedin a randomordersothat trendsdueto
localor unusualnetwork activity wereminimized,andeach
datapointpresentedis theaverageof tenruns.

Table 1 shows the parameterspaceexplored in the
experiments. A block selection criteria basedon the
type of block is introduced,and will be detailedin sec-
tion 5.1. The actual codesused can be found in the

online appendix(www.cs.utk.edu/̃rcollins/papers/CS-04-
536 Appendix.html). They were derived as a part of the
explorationin [15], andthereforearenotprovablyoptimal.

4.1.Network Files

Weemploy threenetwork �les in theexperiments.These
differ by theway in which they aredistributedon thewide-
areanetwork. The�rst is calledtheHodgepodgedistrib u-
tion. In this �le, �fty regionally distinctserversarechosen
andthedataandcheckblocksarestripedacrossthese�fty
servers. Noneof the servers is in Tennessee,the location
of the client. The next two network �les arethe Regional
distrib ution andtheSlow Regionaldistrib ution. In these
�les, the dataandcheckblocksarestripedacrossservers
in four regions. The regionschosenfor the Regional dis-
tribution are Alabama,California, Texas, and Wisconsin;
andthe regionschosenfor the Slow Regional distribution
areSoutheasternCanada,WesternEurope,Singapore,and
Korea.

5. Reed-Solomonvs. LDPC

Whencomparingthetwo typesof coding,theproperties
of key importancearetheencodinganddecodingtimes,and
the averagenumberof blocksthat arenecessaryto recon-
structaset.LDPCcodeshaveagreatadvantagein termsof
encodinganddecodingtime over Reed-Solomoncodes;in
addition,Reed-Solomondecodingrequiresn blocksfrom a
setbeforedecodingcanbegin, while LDPC decodingcan
take placeon-the-�y. However, for small n, and in sys-
temswherethenetwork connectionis slow, Reed-Solomon
codescansometimesoutperformLDPC codesdespitethe
increaseddecodingpenalty[15].

5.1.Subtletiesof LDPC Implementation

Theimplementationof LDPCcodinginvolvessomesub-
tletiesthatarenot presentin thatof Reed-Solomoncoding.
For example,thefactthatLDPCcodingsometimesrequires
morethann blocksaffectsnot only howmanyblocksmust
beretrieved,but alsolimits which blockstheclientapplica-
tion canchoose.A wide rangeof block schedulingstrate-
giesmaybeappliedtoanLDPCcodingset.At oneextreme,
blocksaredownloadedrandomly, until enoughblockshave
beenretrieved to decodethe set. It is likely that someof
thecodingblockswill becomeuselessby thetime they are
retrieved,andthatsomedatablocksmaybedecodedbefore
they areretrieved.At theotherextreme,adownloadmaybe
simulatedin orderto determinean “optimal” setof blocks
that canbe usedto decodethe set. The dif�culty hereis
that it mustbedeterminedup front which blocksarecom-
ing from the fastestservers. Any optimal schedulewould



Table 2. Appr oximate overheads of LDPC
codes used in the experiments

n,m overheadfactor impr oved
(avg # blocks) overheadfactor

5,5 1.1071(5.5355) 1.0690(5.3450)
10,10 1.1440(11.440) 1.0620(10.620)
20,20 1.1971(23.942) 1.1233(22.466)
50,50 1.2795(63.975) 1.1948(59.740)

100,100 1.1477(114.77) 1.0733(107.33)

have to approximatethe load of serversnot only through-
out the download of a given set, but betweenthe down-
loadsof differentsetsin the �le, sincethey often overlap.
The following experimentsusea compromisebetweenthe
two extremeschedulingoptions:whenselectinga block to
download,thedownloadingalgorithmwill skip over check
blocksthat canno longercontribute to decodinganddata
blocksthatarealreadydecoded.Thealgorithmalsoallows
oneof two blockpreferencesto bespeci�ed:

� Datablocks�rst (db-�rst ): datablocksarealwayspre-
ferredover checkblocks.

� No preference(no-pref): thetypeof blocksis ignored,
andblocksarechosensolely basedon the speedand
loadof theserversonwhich they reside.

Sincedecodingtimeanddownloadtimearethemostim-
portant factorsin theseexperiments,in comparingReed-
Solomonand LDPC codes,we would like to answerthe
two following questions:How long doesdecodingtake?
and How many blocks do we needto retrieve?. To ad-
dressthesecondquestion,recall thatReed-Solomoncodes
have optimal encodings;that is, setsmay be decodedaf-
ter any n blocks are retrieved. LDPC codesdo not have
optimal encodings.Table2 lists the averageoverheadsof
the LDPC codesusedin our experiments. Sincewe also
uselimited scheduling,the actualoverheadsin the experi-
mentsareslightly improved,andarealsolisted in Table2.
The overheadfactor for the n = 5; m = 5 codewascal-
culateddirectly, and the restof the valueswereproduced
by MonteCarlosimulationsover10,000,000randomdown-
loads.Theseoverheadsrepresentthenumberof blocksre-
quiredwith theno-pref blockselectionstrategy.

Anothersubtletyin theimplementationof LDPCcoding
is thatthedistributionof the�le canimpacttheperformance
of differentserver schedulingalgorithms.Considertheex-
ampledepictedin Figure2, wheren = 2, andm = 2, and
therearetwo server regions. Figure2 shows two possible
distributionsof theblocks,andwhichblockswouldbecho-
senfrom eachdistributionby thefastest0 andlightest-load
server schedulingalgorithms[6], wherethe lightest-load
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Figure 2. The perf ormance of server schedul­
ing algorithms can vary depending on the dis­
trib ution of a �le with LDPC coding.
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Figure 3. Reed­Solomon vs. LDPC coding
(perf ormance inc luding both download and
decoding times)

algorithmalwayschoosestheserver with the lightestload.
Dependingonthedistribution,oneof thealgorithmsresults
in two blocksthatcanbeusedto reconstructtheentireset,
and the other doesnot. The unfortunateconsequenceof
this characteristicis that the performancecanvary greatly
betweendifferentserverschedulingalgorithmsnotbecause
of thealgorithmsthemselves,but becauseof the �le' s dis-
tribution. The following experimentsusethe fastest0, and
fastest1 server schedulingalgorithms,andthedistributions
describedin section4.1,which do not addressthedistribu-
tion subtletiesof LDPC coding– it is a subjectof further
work to addresstheimpactof thesesubtletieson download
performance.

5.2.BroadTrends

The best performing instancesof Reed-Solomonand
LDPC coding are shown in Figure 3. LDPC coding per-
forms no betterthan,andin somecasesmuchworsethan
Reed-Solomoncoding when n is less than 50; however,
whenn is greaterthan50, LDPCcodingoutperformsReed-



Solomoncoding. As n increasespast20, theperformance
of Reed-Solomoncodingsteadilydeclines,while the per-
formanceof LDPC coding tends to improve, as in the
Hodgepodgedistribution, or level off, as in the Regional
distribution. Concerningthe bestoverall performance,the
bestdatapoint over all set sizesin the Hodgepodgedis-
tribution occurs at n = m = 100 for LDPC coding,
while in both the Regional and the Slow Regional distri-
butions,Reed-Solomonachievesthebestdatapointoverall
at n = m = 5 andn = m = 10, respectively.

Whenjudgingthemeritsof eithertypeof codingscheme
in this particularapplication,it is importantto remember
that any sizesetcanscaleto arbitrarily large �les without
incurringadditionaldecodingoverheadperset. In general,
given an applicationanda choicebetweenReed-Solomon
or LDPC coding it is probablybestto choosethe scheme
andsetn,m that:

� Is ableto scalein thefuturealongwith theapplication.

� Doesnotexceedphysicalstoragelimitations.

� Meetsdesiredlevelsof fault tolerance;notethatReed-
Solomoncoding hasstrongerguaranteesthan LDPC
codingin this respect.

� Satis�es eachof the threeprevious criteria with the
bestperformancewhereperformanceconsistsof both
downloadtimeanddecodingtime.

5.3.Block Preferences

In theseexperiments,blockscanbe downloadedselec-
tively basedon their type.Datablocksaregenerallyprefer-
able to checkblocks sincefewer datablocks requireless
decoding,but whencheckblocksaremuchcloserthandata
blocks,sometimestheadvantageof gettingcloseblocksis
worth the decodingpenalty. Table 3 shows which block
preferencealgorithm is used in the best performing in-
stancesof the codesover the threedistributions. A trade-
off betweendownload time and decodingtime is appar-
ent: theno-pref algorithmis favoredin theSlow Regional
distribution and in the Hodgepodgedistribution, sincethe
penaltyof retrieving slow blocksis greaterthanthecompu-
tationalcostof decoding.In theRegionaldistribution, the
db-�rst algorithmis favored— sincethemajorityof blocks
arecloserto theclient, thepenaltyfor selectingblocksthat
requireno decodingis small. In addition,whenn � 50
(i.e., the decodingtime is greater),the db-�rst algorithm
is slightly favored. To illustratethis trade-off further, Fig-
ures4 and5 show thetotal timespentdownloading andde-
codingin thebestperforminginstancesof eachdistribution.
Note that althoughonemight think that the computational
overheadwould be similar for equalvaluesof n and m,
in theRegionaldistribution, thecomputationaloverheadis
lower thantherestbecausethefastestinstancespreferdata

Table 3. Bloc k pref erences

Distributionn; m LDPCpreference RSpreference
Slow Regional5,5 no-pref no-pref

Slow Regional10,10 no-pref no-pref
Slow Regional20,20 no-pref no-pref
Slow Regional50,50 db-�rst no-pref

Slow Regional100,100 no-pref no-pref
Hodgepodge5,5 no-pref no-pref

Hodgepodge10,10 no-pref no-pref
Hodgepodge20,20 no-pref no-pref
Hodgepodge50,50 db-�rst db-�rst

Hodgepodge100,100 no-pref db-�rst
Regional5,5 db-�rst db-�rst

Regional10,10 db-�rst db-�rst
Regional20,20 db-�rst no-pref
Regional50,50 db-�rst db-�rst

Regional100,100 db-�rst db-�rst
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blocks to codingblocks. In general,these�gures clearly
show thatReed-Solomoncodesrequiremoretimeto decode
thanLDPC codes.However, sincethedecodingof setscan
overlapwith thedownloadingof subsequentsets,thecostof
decodingwill negatively impactperformanceonly whenthe
decodingtime surpassesthe downloadingtime, andwhen
thelastsetsof the�le retrievedarebeingdecoded.

6. Conclusions

When downloading algorithmsare applied to a wide-
area�le systembasedon erasurecodes,additionalconsid-
erationsmustbe taken into account. Performancere�ects
a balancebetweenthetime it takesto downloadtheneces-
sarynumberof blocksandthe time it takesto decodethe
blocksthathavebeenretrieved. In systemswheretheclient
hasvery fastconnectionsto theservers,thedecodingtime
is moreexpensive relative to thedownloadtime,anddown-
loadingschemesthatpreferentiallychoosedatablockswill
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performthebest.On theotherhand,in systemswherethe
clienthasslow connectionsto theservers,thedecodingtime
becomesrelatively inexpensive anddownloadingschemes
thatchoosetheclosestblocksregardlessof block typewill
have thebestperformance.

This work comparesReed-Solomonerasurecodesto
LDPCerasurecodes.Themainlimitationof Reed-Solomon
codesis that decodingbecomesprohibitively expensive in
largersets,while thelimitation of LDPC codesis thattheir
encodingis not optimal. LDPC codesoutperformReed-
Solomoncodesin largesetsbecauseLDPCdecodingis very
inexpensive,but in smallersetswhich aremorelikely to be
usedin storagesystems,Reed-Solomoncodesoutperform
LDPCcodes.In ourexperiments,Reed-Solomoncodesper-
formedbetterthanor nearlyequalto LDPC codesin data
setsup to size50with acodingrateof 1

2 .
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