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Abstract

Theproblemof efciently retrievinga le thathasbeen
brokeninto blocksanddistributedacrossthewide-aeaper-
vadesapplicationsthat utilize Grid, peerto-peer and dis-
tributed le systemsWhile the useof erasule codesto im-
provethefault-toleranceand performanceof wide-aea le
systemdas beenexplored, there has beenlittle work that
assessethe performanceandquanti estheimpactof mod-
ifying variousparametes. Thispaperperformssud an as-
sessmentWe modifyour previouslyde ned framevork for
studyingreplicationin the wide-area [6] to include both
Reed-SolomoandLow-DensityParity-Ched (LDPC) era-
sure codes.We thenusethis framevork to compae Reed-
Solomorand LDPC erasuie codesin threewide-aea, dis-
tributed settings. We concludethat althoughLDPC codes
haveanadvantage over Reed-Solomocodesn termsof de-
codingcost,this advantae doesnot alwaystranslateto the
bestoverall performancen wide-aeastorage situations.

1. Intr oduction

The coordinationof widely distributed le senersis a
compl problemthat challengeswide-area,peerto-peer
and Grid le systems. Systemslike OceanStoreg[16],
LoClI [3], and BitTorrent [5] aggr@ate wide-areacollec-
tions of storagesenersto store les onthewide-area.The
les arebrokeninto x ed-sizeblocks,whicharedistributed
amongthe disparateseners. To addressssuesof local-
ity andfault-tolerancegrasuie codingis employed, albeit
normallyin the primitive form of block replication. When
a client needsto download a le from this collection of
senersto asinglelocation,heor sheis facedwith avariety
of decisionsto make abouthow to performthe download.
This hasbeentermedthe “Plank-Beck” problemby Allen
andWolski, who deemedt one of two fundamentaprob-
lemsof datamovementin Grid Computingsystemg1].

In previouswork, we de ned aframeawvork for evaluating

algorithmsfor downloadingreplicatedwide-areales [6].
In this paper we extendthis framewvork to includeerasure
coding,andperforman evaluationof algorithmsfor down-
loading erasure-encodedes in three wide-areasettings.
This work is signi cant asit is the rst pieceof work to
evaluatethe relative performanceof Reed-Solomortodes
andLDPC codesin arealistic,wide-areaernvironmentwith
aggressie, multithreadeddownloading algorithms. The
two typesof erasurecodespresentdifferent downloading
anddecodingtrade-ofs, andin mostcasesReed-Solomon
codegperformwell whensetsaresmallandtheclient'scon-
nectionto the network is limited — situationslikely to arise
in wide-areastoragesystems.

2.The “Plank-Beck” Problem

We aregivenacollectionof storagesenersonthewide-
areaandalarge le thatwe desireto storeontheseseners.
The le is partitionedinto blocks(termed“datablocks”) of
a x edsize,andanerasureodingschemes usedto calcu-
late somenumberof additional“coding” blocks. The col-
lectionof dataandcodingblocksarethendistributedamong
the storageseners. At somepoint, a client at a given net-
work locationdesireso downloadthe le, eitherin its en-
tirety, or in a streamingashion.Simply stated the “Plank-
Beck” problemis: How doesthe client downloadthe le
with the bestperformance.

Thesimplesterasureodingschemas replication—each
block of the le is storedat morethanonesener. In this
casealgorithmsfor solvingthe“Plank-Beck”problemmay
be parameterizedh four dimensiong6]:

1. T, thenumberof simultaneousiownloads.

2. R, the degree of work replication that is, what is
the maximumnumberof simultaneousiownloadsof
ablock?

3. P, thefailover strategy, or how mary blocksmustbe
retrieved after a given block's rst download begins
beforethatblock requiresreplication?



4. The sener selectionstratgy. We focus on the two
bestperformingsener selectiomalgorithmswith repli-
cationfrom [6], calledfastesty andfastest. Fastesp
alwaysselectdhefastessener. Fastest addsa“load
number” for the numberof threadscurrently down-
loading from eachsener, and selectsthe sener that
minimizes this combination of predicted dovnload
time andloadnumber

The optimalchoiceof parameterslependon mary fac-
tors,includingthe distribution of the le andthe ability for
the client to utilize monitoringandforecasting[19]; how-
ever, afew generakonclusionsveredravn. First,thenum-
ber of simultaneousiowvnloadsshouldbe large enoughto
saturatethe network pathsto the client, without violating
TCP-friendlinessn sharednetworks. Secondwork repli-
cationshouldbe presentput not over-aggressie; ideally; it
combineswith afailover stratey thatperformswork repli-
cation when the progressof the download falls belov a
threshold. Finally, if monitoring softwareis present,fast
seners (with respectto the client) shouldbe selected al-
thoughidealalgorithmsconsiderboththe forecastegpeed
from senerandtheloadinducedonthesenerby thedown-
load itself. Whenwe add more comple erasurecoding,
someadditionalparametersnanifestthemseles. We de-
ne themafterexplainingerasurecodesin moredetail.

3. Erasure Coding

Erasurecodeshave arisenasaviablealternatve 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. Theencodingrateis '-. Subsetof the data
andcodingblocks may be usedto reconstructhe original
setof datablocks. Ideally, thesesubsetsare madeup of
ary n dataor checkblocks,althoughthis is not alwaysthe
case. Replicationis a very simpleform of erasureencod-
ing (withn = 1andm > 1). In comparisono replica-
tion, morecomple erasurecodingtechniquegwithn > 1
andm > 1) reducethe burden of physical storagere-
quiredto maintainhigh levels of fault tolerance . However,
sucherasurecoding can introducecomputationallyinten-
sive encodinganddecodingoperationsWe explorethetwo
mostpopulartypesof erasurecodingin this paper: Reed-
Solomoncoding, and Low-Density Parity-Check(LDPC)

coding. They aresummarizedelow.

3.1.Reed-SolomorCoding

Reed-Solomomrodeshave beenusedfor fault-tolerance
in a variety of settings[7-9,11,20]. Their basicoperation

D1 C1

D2 Cc2

D3 C3

D4 C4

D5 C5

Figure 1. An example LDPC code where n= 5
andm=5

is asfollows. Then datablocksarepartitionedinto words
of a x edsize,anda collectionof n wordsformsa vector
A distribution matrix is employed so thatthe checkblocks
arecalculatedrom the vectorwith m dot products.Galois
Field arithmeticis usedso all elementshave multiplicative
inversesThentheactof decodings straightforvard. Given
ary n of thedataandcheckblocks,a decodingmatrix may
be derived from the distribution matrix, andthe remaining
datablocksmaybe calculatedagain with dot products.

A tutorial on Reed-Solomortodingis availablein [12,
14]. Reed-Solomorodingis expensve for severalreasons.
First, the calculationof checkblock requiresan n-way dot
product. Thus, creatingm checkblocks of size B hasa
complity of O(B mn), whichgrowsratherquickly with n
andm. Seconddecodinginvolvesan O(n?®) matrix inver-
sion. Third, decodinginvolves anothern-way dot prod-
uct for eachdatablock that needsto be decoded.Fourth,
Galois-Fieldmultiplication is more expensve thaninteger
multiplication. For that reason,Reed-Solomorcoding 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 alternatve to Reed-
Solomon coding. LDPC codesare basedon bipartite
graphs,wherethe datablocks are representedby the left-
handnodes,and the checkblocks are representedy the
right-handnodes. An examplefor n = 5andm = 5is
givenin Figurel. Eachcheckblock s calculatedo bethe
bitwise exclusive-or of all datablocksincidentto it. Thus,
for example blockC1lin FigurelisequatoD1 D3 D5.
A checkblock canonly be usedto reconstructlatablocks
to which it is adjacentin the graph. For example, check
block C1 canonly be usedto reconstrucidatablock D1,
D3, or D5. If we assumehatthe blocksare downloaded
randomly sometimeamore than n blocks are requiredto
reconstructall of the datablocks. For example, suppose
blocksD 3; D 4; D5; C2, andC5 areretrieved. Thereis no
way to reconstrucblock D 1 with theseblocks,anda sixth



Table 1. Experiment space
Rangeof Parameters
T 2 [20; 30]
fR;Pg2 [f1;1g;f2; (30=n)q]

Parameter

Simultaneou®ownloads

Work Replicationand
Failover Stratgy

Sener Selection

Block Selection

Coding

fastesy, fastest
db- rst , no-pref
n 2 [5; 10; 20; 50; 100],
m=n

block mustberetrieved. Furthermoreif the next block ran-
domly chosenis D 2 (eventhoughit canbe decodedwith

blocksD 3; D 4, andC5), thenit is still impossibleto recon-
structblock D 1 anda seventhblock is required. A graph
G's overhead,0(G), is the averagenumberof blocks re-
quiredto decoddheentireset,andits overheadactorf (G)

is equalto o(G)=n.

Unlike Reed-Solomorcodes,LDPC codeshave over
headfactorsgreatethanone.However, LDPC codeshave a
rich theoreticahistorywhichhasshavn thatin nitely sized
codesof given rateshave overheadfactorsthat approach
one[10,18]. Forsmallcodes(n 100, optimalcodesare
in generalnot known, but a recentexploration hasgener
atedcodeswhoseoverheadfactorsare roughly 1.15for a
rateof % [15]. We useselectedcodesfrom this exploration
for evaluationin this paper

4. Experimental Setup

We performeda set of experimentsto compareReed-
Solomon and LDPC codes. The experiments were
“live” experimentson a real wide-areanetwork. The
storageseners were Internet Backplane Protocol (IBP)
seners[13], which senetime-limited,sharedvritable stor
agein the network. The actualsenersthatwe usedwere
partof the LogisticalBackbong?2], acollectionof over 300
IBP senersin variouslocationsworldwide.

In our experiments,we storeda 100 MB le, decom-
posednto 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) 2.2 GHz processorSince
the downloadstook placeover the commaoditylnternet,the
testswereexecutedin arandomordersothattrendsdueto
local or unusuahetwork activity wereminimized,andeach
datapoint presenteds the averageof tenruns.

Table 1 showvs 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], andthereforearenot provably optimal.

4.1.Network Files

Weemplgy threenetwork les in theexperimentsThese
differ by theway in whichthey aredistributedon thewide-
areanetwork. The rst is calledthe Hodgepodgedistrib u-
tion. In this le, fty regionally distinctsenersarechosen
andthe dataandcheckblocksarestripedacrosshese fty
seners. Noneof the senersis in Tennesseethe location
of the client. The next two network les arethe Regional
distrib ution andthe Slow Regionaldistrib ution. In these
les, the dataand checkblocks are stripedacrossseners
in four regions. The regions chosenfor the Regional dis-
tribution are Alabama, California, Texas, and Wisconsin;
andthe regions chosenfor the Slow Regional distribution
are SoutheasterCanadaWesternEurope,Singapore,and
Korea.

5. Reed-Solomorvs. LDPC

Whencomparingthetwo typesof coding,the properties
of key importanceretheencodinganddecodingimes,and
the averagenumberof blocksthat are necessaryo recon-
structaset.LDPC codeshave a greatadwantagen termsof
encodinganddecodingtime over Reed-Solomorodes;in
addition,Reed-Solomonecodingrequiresn blocksfrom a
setbeforedecodingcanbegin, while LDPC decodingcan
take placeon-the-y. However, for small n, andin sys-
temswherethe network connectioris slow, Reed-Solomon
codescan sometimesutperformLDPC codesdespitethe
increasedlecodingpenalty[15].

5.1.Subtletiesof LDPC Implementation

Theimplementatiorof LDPC codinginvolvessomesub-
tletiesthatarenot presenin thatof Reed-Solomoicoding.
For example thefactthatLDPC codingsometimesequires
morethann blocksaffectsnot only howmanyblocksmust
beretrieved,but alsolimits which blocksthe clientapplica-
tion canchoose.A wide rangeof block schedulingstrate-
giesmaybeappliedto anLDPC codingset. At oneextreme,
blocksaredownloadedrandomly until enoughblockshave
beenretrieved to decodethe set. It is likely that someof
the codingblockswill becomeuselessy thetime they are
retrieved,andthatsomedatablocksmaybedecodedefore
they areretrieved. At theotherextreme,adownloadmaybe
simulatedin orderto determinean “optimal” setof blocks
that can be usedto decodethe set. The dif culty hereis
thatit mustbe determinedup front which blocksarecom-
ing from the fastestseners. Any optimal schedulewould



Table 2. Approximate overheads of LDPC
codes used in the experiments
n,m overheadfactor
(avg # blocks)
55 1.1071(5.5355)

impr oved
overheadfactor
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 senersnot only through-
out the download of a given set, but betweenthe down-
loadsof differentsetsin the le, sincethey often overlap.
Thefollowing experimentsusea compromisebetweerthe
two extremeschedulingoptions: whenselectinga block to
download,the downloadingalgorithmwill skip over check
blocksthat canno longer contrikute to decodingand data
blocksthatarealreadydecoded The algorithmalsoallows
oneof two block preferenceso be speci ed:

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

No preferencéno-pref): thetypeof blocksis ignored,
andblocks are chosensolely basedon the speedand
load of thesenersonwhich they reside.

Sincedecodingime anddownloadtime arethemostim-
portantfactorsin 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-
dressthe secondquestionrecallthatReed-Solomomrodes
have optimal encodings;that is, setsmay be decodedaf-
ter ary n blocks areretrieved. LDPC codesdo not have
optimal encodings.Table 2 lists the averageoverheadf
the LDPC codesusedin our experiments. Sincewe also
uselimited schedulingthe actualoverheadsn the experi-
mentsareslightly improved, andarealsolistedin Table2.
The overheadfactorfor then = 5;m = 5 codewascal-
culateddirectly, andthe restof the valueswere produced
by MonteCarlosimulationsover 10,000,00Gandomdown-
loads. Theseoverheadsepresenthe numberof blocksre-
quiredwith the no-pref block selectiorstratayy.

Anothersubtletyin theimplementatiorof LDPC coding
is thatthedistribution of the le canimpacttheperformance
of differentsener schedulingalgorithms.Considerthe ex-
ampledepictedin Figure2, wheren = 2, andm = 2, and
therearetwo sener regions. Figure2 shawvs two possible
distributionsof the blocks,andwhich blockswould be cho-
senfrom eachdistribution by thefastest andlightest-load
sener schedulingalgorithms[6], wherethe lightest-load

Region 1 (fast) Region 2 (slow)

|~ fastest_0

lightest_load
data @ © check
Distribution 2 blocks @ @ blocks

Figure 2. The performance of server schedul-
ing algorithms can vary depending on the dis-
trib ution of a le with LDPC coding.

HMReed-Solomon COJLDPC
80 8 80
60 6 60
a
40 4 40
=
20 2 20
0 0 0
5 10 20 50100 5 10 20 50100 5 10 20 50100
n (and m) n (and m) n (and m)
Hodgepodge Regional Slow Regional

Figure 3. Reed-Solomon vs. LDPC coding
(performance including both download and
decoding times)

algorithmalwayschooseghe sener with the lightestload.
Dependingonthedistribution, oneof thealgorithmsresults
in two blocksthatcanbe usedto reconstructhe entireset,
and the other doesnot. The unfortunateconsequencef
this characteristids thatthe performancecanvary greatly
betweerdifferentsener schedulingalgorithmsnot because
of the algorithmsthemseles, but becausef the le' s dis-
tribution. The following experimentsusethe fastesy, and
fastest senerschedulingalgorithms,andthedistributions
describedn section4.1, which do not addresshe distribu-
tion subtletiesof LDPC coding— it is a subjectof further
work to addressheimpactof thesesubtletieson download
performance.

5.2.Broad Trends

The best performing instancesof Reed-Solomorand
LDPC coding are shawvn in Figure 3. LDPC coding per
forms no betterthan,andin somecasesmuchworsethan
Reed-Solomorcoding when n is lessthan 50; however,
whenn is greatetthan50, LDPC codingoutperform®Reed-



Solomoncoding. As n increasegast20, the performance
of Reed-Solomortoding steadilydeclines,while the per
formanceof LDPC coding tendsto improve, as in the
Hodgepodgedistribution, or level off, asin the Regional
distribution. Concerningthe bestoverall performancethe
bestdatapoint over all setsizesin the Hodgepodgeis-
tribution occursat n = m = 100 for LDPC coding,
while in both the Regional and the Slow Regional distri-
butions,Reed-Solomomachiezesthebestdatapoint overall
atn = m = 5andn = m = 10, respectiely.

Whenjudgingthemeritsof eithertypeof codingscheme
in this particularapplication,it is importantto remember
thatary sizesetcanscaleto arbitrarily large les without
incurring additionaldecodingoverheadper set. In general,
given an applicationand a choicebetweenReed-Solomon
or LDPC codingit is probablybestto choosethe scheme
andsetn,m that:

Is ableto scalein thefuturealongwith theapplication.
Doesnot exceedphysical storagdimitations.

Meetsdesiredevelsof faulttolerancenotethatReed-
Solomoncoding has strongerguaranteeshan LDPC
codingin thisrespect.

Satis es eachof the three previous criteria with the
bestperformancevhereperformanceconsistsof both
downloadtime anddecodingtiime.

5.3.Block Preferences

In theseexperiments blocks canbe dowvnloadedselec-
tively basedntheirtype. Datablocksaregenerallyprefer
able to checkblocks since fewer datablocks requireless
decodingput whencheckblocksaremuchcloserthandata
blocks,sometimeghe advantageof gettingcloseblocksis
worth the decodingpenalty Table 3 shaovs which block
preferencealgorithm is usedin the best performing in-
stanceof the codesover the threedistributions. A trade-
off betweendownload time and decodingtime is appar
ent: the no-pref algorithmis favoredin the Slow Regional
distribution andin the Hodgepodgedistribution, sincethe
penaltyof retrieving slow blocksis greatetthanthe compu-
tationalcostof decoding.In the Regional distribution, the
db- rst algorithmis favored— sincethemajority of blocks
arecloserto theclient, the penaltyfor selectingblocksthat
requireno decodingis small. In addition,whenn 50
(i.e., the decodingtime is greater),the db- rst algorithm
is slightly favored. To illustratethis trade-of further, Fig-
ures4 and5 show thetotal time spentdownloading andde-
codingin thebestperforminginstance®f eachdistribution.
Note that althoughone might think that the computational
overheadwould be similar for equalvaluesof n and m,
in the Regional distribution, the computationabverheads
lower thantherestbecausehe fastesinstancegpreferdata

Table 3. Bloc k preferences

Distributionn; m LDPC preference| RSpreference
Slow Regional5,5 no-pref no-pref
Slow Regional 10,10 no-pref no-pref
Slow Regional 20,20 no-pref no-pref
Slow Regional 50,50 db- rst no-pref
Slow Regional 100,100 no-pref no-pref
Hodgepodg®,5 no-pref no-pref
Hodgepodgd. 0,10 no-pref no-pref
Hodgepodge0,20 no-pref no-pref
Hodgepodg&0,50 db- rst db- rst
Hodgepodgd 00,100 no-pref db- rst
Regional5,5 db- rst db- rst
Regional 10,10 db- rst db- rst
Regional 20,20 db- rst no-pref
Regional50,50 db- rst db- rst
Regional 100,100 db- rst db- rst

0 HMReed-Solomon CJLDPC
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Figure 4. Total download time (beginning of
r st block download to ending of last) in best
performances

blocksto codingblocks. In general,these gures clearly
shav thatReed-Solomorodesequiremoretimeto decode
thanLDPC codes.However, sincethe decodingof setscan
overlapwith thedownloadingof subsequergets the costof

decodingwill negatively impactperformancenly whenthe

decodingtime surpassethe downloadingtime, andwhen
thelastsetsof the le retrievedarebeingdecoded.

6. Conclusions

When downloading algorithmsare appliedto a wide-
areale systembasedon erasurecodesadditionalconsid-
erationsmustbe taken into account. Performancee ects
a balancebetweerthetime it takesto downloadthe neces-
sarynumberof blocksandthe time it takesto decodethe
blocksthathave beenretrieved. In systemsvheretheclient
hasvery fastconnectiongo the seners, the decodingtime
is moreexpensve relative to the downloadtime, anddown-
loadingschemeshatpreferentiallychoosedatablockswill
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Figure 5. Total decoding time in best perfor-
mances

performthe best. On the otherhand,in systemswvherethe
clienthasslow connectionso theseners,thedecodingime
becomegelatively inexpensve and dowvnloadingschemes
thatchoosethe closesthlocksregardlessof block type will
have the bestperformance.

This work comparesReed-Solomorerasurecodesto
LDPCerasureodes.Themainlimitation of Reed-Solomon
codesis that decodingbecomegrohibitively expensve in
larger sets,while thelimitation of LDPC codesis thattheir
encodingis not optimal. LDPC codesoutperformReed-
Solomorncodesdn largesetsbecausé DPC decodings very
inexpensve, but in smallersetswhich aremorelikely to be
usedin storagesystemsReed-Solomortodesoutperform
LDPCcodes.In ourexperimentsReed-Solomorodeper
formedbetterthanor nearlyequalto LDPC codesin data
setsup to size50 with a codingrateof %
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