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Abstract

In this paper, we examinethe causesandeffectsof con-
tentionfor shareddataaccessin parallelprogramsrunning
on a softwaredistributed shared memory (DSM) system.
Specifically, we experimenton two widely-used,page-
basedprotocols,Princeton’shome-basedlazyreleasecon-
sistency (HLRC) andTreadMarks.For mostof our pro-
grams,theseprotocolswereequally affectedby latency
increasescausedby contentionandachievedsimilar per-
formance.Wherethey differ significantly, HLRC’sability
to manuallyeliminateloadimbalancewasthelargestfac-
tor accountingfor the difference.To quantify theeffects
of contentionwe eithermodifiedtheapplicationto elimi-
natethecauseof thecontentionor modifiedtheunderly-
ing protocolto efficiently handleit. Overall, we find that
contentionhasprofoundeffects on performance:elimi-
natingcontentionreducedexecutiontime by 64% in the
mostextremecase,evenat therelatively modestscaleof
32 nodesthatweconsiderin this paper.

1 Introduction

In this paper, we examinethe causesandeffectsof con-
tentionfor shareddataaccessin parallelprogramsrunning
on a softwaredistributed shared memory (DSM) system.
Specifically, we analyzetheexecutionof a representative
setof programs,eachexhibitingaparticularaccesspattern
thatcausescontention.In eachof thesecases,to quantify
the effectsof contentionon performance,we have either
modifiedtheapplicationto eliminatethecauseof thecon-
tentionor modifiedtheunderlyingprotocolto efficiently
handlethatparticularaccesspattern.Overall,wefind that
contentionhasprofoundeffects on performance:elimi-
natingcontentionreducedexecutiontime by 64% in the
mostextremecase,evenat therelatively modestscaleof
32 nodesthatweconsiderin this paper.

Our experimentsareperformedon a network of thirty-
two single-processornodesusingbothPrinceton’shome-

based(HLRC) protocol [10] [6] andRice’s TreadMarks
(Tmk) protocol [5]. Both are widely-used,page-based,
multiple-writer protocols implementing Lazy Release
Consistency (LRC) [4]. Fromour experiments,we derive
threespecificconclusions.

First, in comparingtheresultson 8 nodesto 32 nodes,
wefind thattheeffectsof increasingcontentionfor shared
dataareevident in theincreasinglatency to retrieve data.
In theworstcase,latency increasedby 245%.

Second,in onecase,theBarnes-Hutprogramfrom the
SPLASH benchmarksuite, the HLRC protocol handles
contentionmore effectively than the Tmk protocol. It
moreevenly distributesthe numberof messageshandled
by eachnode.

Third, thedistribution of thenumberof messageshan-
dledby eachnodeis no lessimportantthanthetotalnum-
berof messages.For example,in Barnes-Hut,eliminating
themessageloadimbalanceunderTmk (throughprotocol
modifications),broughtTmk’s performanceto the same
level asHLRC’s, eventhoughTmk sends12 timesmore
messagesthanHLRC.

The rest of this paperis organizedas follows. Sec-
tion 2 providesan overview of TreadMarksandPrince-
ton’s multiple-writer protocols. Section3 discussesthe
sourcesof contentionin greaterdetailanddefinestheno-
tion of protocol load imbalances. Section4 details the
experimentalplatformthatweusedandtheprogramsthat
we ranon it. Section5 presentstheresultsof our evalua-
tion. Section6 comparesour resultsto relatedwork in the
area.Finally, Section7 summarizesourconclusions.

2 Background

2.1 TreadMarks and Home-based LRC

The TreadMarks(Tmk) protocol [4] and the Princeton
home-based(HLRC)protocol[10] aremultiple-writerim-
plementationsof lazy releaseconsistency (LRC) [4] [3].
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The main differencebetweentheseprotocolsis in the
locationwhereupdatesarekeptandin theway thatapro-
cessorupdatesits copy of a page. In Tmk, processors
updatea pageby fetching diffs from the last writer, or
writersto thepage.In HLRC, every pageis staticallyas-
signeda homeprocessorby theprogrammerwherewrit-
ers flush their modificationsat releasetime. To update
a pagea processorrequestsa brandnew copy from the
home. The differencebetweenthe protocolsis the most
evident for falsely sharedpages. The home-basedpro-
tocol usessignificantlyfewer messagesasthenumberof
falselysharingreadersandwritersincreases.Specifically,
for R readersandW writers,thehome-basedprotocoluses
at most2W

�
2R messagesandtheTmk protocolusesat

most2WR messages.

3 Contention and Protocol Load
Imbalance

In this section,we introducethe conceptsof contention
andprotocolload imbalance.We give someintuition for
the characteristicsof Tmk and HLRC that may lead to
contentionandprotocolloadimbalance.

3.1 Contention

We definecontention assimultaneousrequestson anode.
In ourplatform,contentioncanbeattributedto limitations
in the nodeor the network. In the former case,the time
that the noderequiresto processa requestis longerthan
it takesfor the next requestto arrive. In the latter case,
the nodefails to pushout responsesfast enoughdue to
bandwidthlimitationsin thenetwork link. Most systems,
underthiscondition,wait for theinterfaceto freeanentry
in its outputqueue.Contentionis saidto besingle-paged,
whenall requestsarefor the samepage,or multi-paged,
when distinct pagesare being requestedfrom the same
node.

3.2 Protocol Load Imbalance

We refer to the work performedto propagateupdatesas
protocol load (PL). We thendefinePL imbalanceasthe
differencein PL acrossthe nodesof the system. Un-
der Tmk, PL reflectstime spentservicingrequests.For
HLRC, it alsoincludestime spentpushingmodifications
to homenodes.As Tmk andHLRC differ in thelocation
whereupdatesarekept,theprotocolsmayhaveadifferent
effecton thePL balance.

To illustratethe difference,considera multi-pagedata
structurethat has a single writer followed by multiple
readers.Both Tmk andHLRC handleeachpageof the

Program Size,Iter. Seq.Time (sec.) HomeDistr.
SOR 8kx4k,20 72.23 Block
3D FFT 7x7x7,10 101.35 Block
Gauss 4096,1 477.68 Cyclic
Barnes-Hut 65536,3 125.69 Block

Table1: ProgramCharacteristics.

datastructurein similar ways. Eachreadersendsa re-
questmessageto theprocessorholdingthe latestcopy of
thepage.Thatprocessorsendsbackareplymessagecon-
tainingeitherthechangesto thepagein Tmk, or a com-
pletecopy of thepagein HLRC. Wheretheprotocolsdif-
fer is in thelocationof theupdates.In Tmk, thelastwriter
is the sourceof the updates,while in HLRC the updates
arekeptat thehomenodes.Hence,Tmk placesthe load
of distributing multiple copiesof theentiredatastructure
on the last writer. In contrast,in HLRC, a clever home
assignmentmayresultin a morebalanceddistribution of
theloadamongthenodes.

4 Experimental Evaluation

4.1 Platform

We perform the evaluation on a switched, full-duplex
100MbpsEthernetnetwork of thirty-two 300MHz Pen-
tium II-baseduniprocessorsrunningFreeBSD2.2.6. On
this platform, the round-trip latency for a 1-byte mes-
sageis 126 microseconds.The time to acquirea lock
varies from 178 to 272 microseconds.The time for a
32-processorbarrier is 1,333microseconds.The time to
obtaina diff variesfrom 313 to 1,544microseconds,de-
pendingon thesizeof the diff. The time to obtaina full
pageis 1,308microseconds.

4.2 Programs

We use four programs: Red-BlackSOR and Gaussian
Eliminationarecomputationalkernelsthataredistributed
with TreadMarks;3D FFT is from the NAS benchmark
suite[1]; andBarnes-Hutis from theSPLASHbenchmark
suite[8].

Table1 lists for eachprogramtheproblemsize,these-
quentialexecutiontime,andthe(static)assignmentstrat-
egy of pagesto homesfor HLRC. Thesestrategieswere
selectedthroughconsiderableexperimentationandyield
thebestperformance.

5 Results

In this section,we presentthe resultsof runningeachof
the programson 8 and 32 processors.Figures1 and 2
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Figure1: Speedupof applicationsfor Tmk, HLRC, and
Tmk Optimized.

presentthe speedupsand a breakdown of the execution
time for eachof the programs.Table2 shows the varia-
tion in averageresponsetime. It alsoprovidestheaverage
numberof pageupdaterequestsper node,the total data
transferred,andthe global messagecount. Finally, Fig-
ures3, 4, 5, and 6 show theprotocolloadhistogramsof
Red-BlackSORfor HLRC, Gaussfor Tmk, andBarnes-
Hut for Tmk andHLRC, respectively. Protocolloadplots
for 3D FFT arenot includeddueto spaceconstraints.

Thebreakdown of theexecutiontime for eachprogram
(Figure 2) has threecomponents:memory is the time
spentwaiting to updatea page;synchro is time wait-
ing for synchronizationto complete;andcomputation
includesall othertime.

The protocol load histogramsplot the time spentser-
vicing remoterequestsby eachnode. Eachbar is com-
posedof threeelements:communication corresponds
to time spentreceiving anddecodingrequests,aswell as
sendingreplies;diff correspondsto time spentbuild-
ing diffs; andspin correspondsto timespentwaiting for
thenetwork interfaceto freeanentry in its outputqueue.
For Gauss,the protocol load histogramsreflectonly the
time elapsedduringthe8th iteration,insteadof theentire
execution. This finer resolutionis necessaryto show the
imbalancein protocolloadthatoccursduringaniteration.

Red-BlackSORis includedasacontrolprogram.It is a
programthatachievesgoodscalability(with aspeedupof
25.7on32 processors)anddoesnotsuffer from increases
in responsetime,ascanbeappreciatedby thesmallmem-
ory componentin Figure2. Furthermore,it exhibits lit-
tle contentionand hasa good balanceof protocol load,
which is evident in thesimilar sizeof thebarsof thehis-
togramin Figure3. For the restof this section,we will
usetheRed-BlackSORresponsetime measurementsand
protocol load histogramto illustrate how responsetime
andprotocolload histogramsshouldlook in the absence
of contentionandprotocolloadimbalances.

We arguethat the increasein accessmisstime experi-
encedby ourprogramsis largelyaresultof theincreasein
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Figure2: Executiontimebreakdownfor Tmk,HLRC,and
Tmk Optimized.
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Figure 3: Red-BlackSOR protocol load histogramsfor
HLRC.

latency for individual requestsdueto contentionandnot
solely the resultof an increasednumberof requestmes-
sages.

Thistrendis mostevidentfor 3D FFTandGauss.In 3D
FFT, theaveragenumberof requestspernodedropssig-
nificantly asthesizeof theclusterincreases.In Gauss,it
increasesmoderately(10.7%). Both programs,however,
experiencesharpincreasesin responsetime. Theaverage
requestlatency increasesfor 3D FFT andGaussby 46%
and245%,respectively (seeTable2).

Therestof this sectionis divided into two parts.First,
we talk aboutthe varioustypesof contentionexhibited
by our programsand how they increasethe latency of
individual requests.Second,we quantify the effect that
contentionhason theprograms’speedupsby eliminating
contentionmanuallyor automatically.

5.1 Types of Contention

3D FFT suffers from multi-pagecontention.In 3D FFT,
processorswork on a contiguousbandof elementsfrom
the sharedarray. SinceHLRC homeassignmentis done
in blocks, in both protocolsthe processormodifying the
bandwill be the onehostingthe update. The computa-
tion on the3D arraysis partitionedalongoneaxisamong
theprocessors.As a result,the global transposeleadsto
all processorstrying to readsomepagesfrom processor
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Avg. resp. Avg. pernode
time (micro sec.) updaterequests Data(MBytes) Messages(thousands)

Application Protocol 8 32 8 32 8 32 8 32
SOR Tmk 1592.33 1668.53 100 125 6 27 2 10

HLRC 1400.43 1474.77 83 106 7 34 2 10
3DFFT Tmk 2017.00 2963.19 4041 1125 265 295 66 91

HLRC 1988.77 2918.72 4041 1125 265 297 65 74
Opt. 1668.26 1870.31 4041 1125 265 295 66 91

Gauss Tmk 2595.65 8954.12 8957 9910 357 1581 201 888
HLRC 2882.89 8640.11 8957 9910 562 2586 201 888
HLRC 1036.02 1036.02 8957 9910 46 60 73 268

Barnes Tmk 1630.94 5534.01 2442 2026 130 488 144 1535
HLRC 1655.81 2033.12 2072 1930 154 529 34 129
Opt. 1510.39 1734.28 2442 2026 130 448 144 1535

Table2: Averageresponsetime, averagenumberof pagesupdatedpernode,total datatransferedandtotal message
countof Tmk, HLRC, andTmk with optimizations.
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Figure4: Gaussprotocolloadhistogramsfor Tmk.
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Figure5: Barnes-Hutprotocolloadhistogramsfor Tmk.

0

2

4
�
6

8
�

10

12

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31

T
im

e 
(s

ec
.)

spin�

diff
�

communication�

Figure6: Barnes-Hutprotocolloadhistogramsfor HLRC.

0 first, andthensomepagesfrom processor1, andsoon,
resultingin a temporalcontentionat a singleprocessorat
a time.

Gausssuffersfrom single-pagecontention.Theaccess
patternfor the pivot row is single-writer/multiple-reader.
Thereareonly two suchpagesfor our problemsize,but
their producerchangeson every iteration. The severity
of contentionin Gausswithin eachinterval is shown in
Figure4. The largespincomponentin this Tmk plot re-
sultsfrom thebacklogof largereplymessagescontaining
thepivot row andindex in thenetwork interface’s output
queue.Theprotocolloadin theTmk plot is concentrated
in processor8, the last writer to the pivot row andpivot
index.

Barnes-Hutsuffers from single and multi-pagecon-
tention.Thetreeandthearrayof particlesin Barnes-Hut
suffer from single-pagecontentionwhenreadin thesame
order by multiple nodes(i.e., the tree root for Barnes-
Hut). Additionally, multi-pagecontentionoccurswhen
updatesfor multiple partsof the datastructuresresideat
any givennode.For Barnes-Hut,thereis asignificantdif-
ferencein the rateof latency increasebetweenTmk and
HLRC. While the averageresponsetime for HLRC in-
creasesslowly, it almostdoubleswith an increasein the
numberof nodesfor Tmk. We arguein the next section
that differencesin protocol load balanceaccountfor the
disparityin responsetime.

5.2 Quantifying the Effects of Contention

We quantifytheeffectsof contentionon our programsby
manuallytuningtheapplicationor theprotocolto remove
the sourcesof contention. For eachapplicationwe de-
scribethecontentionremoval techniquewe usedanddis-
cusstheeffectsonthespeedup,loadbalanceandresponse
time. Figures1 and2 presentthespeedupsandbreakdown
of executiontimefor theoptimizedversionof Tmk, while
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Table2 shows thevariationsin averageresponsetime.

5.2.1 3D FFT

Thecontentionin 3D FFT canbeeliminatedby carefully
restructuringthe transposeloop. By staggeringthe re-
moteaccessesof differentconsumerssuchthat they ac-
cesspageson differentproducersin parallel,usingTmk
the speedupof 3D FFT is improvedfrom 12.62to 15.73
on 32 nodes.

5.2.2 Gauss

The contentionin Gausscan be eliminated by broad-
castingthe pagescontainingthe pivot row andpivot in-
dex. Usinga manuallyinsertedbroadcast,improvesTmk
speedupfor Gaussfrom 8.11to 22.05on 32 nodes.

5.2.3 Barnes-Hut

Protocol load imbalanceaccountsfor the differencein
speedup(4.18vs. 7.73)andrequestlatency experienced
betweenTmk andHLRC for Barnes-Hut.

To prove this claim we addedstriping to theTmk pro-
tocol. Stripingreducescontentionby automaticallyelim-
inating protocol imbalancescreatedby multi-pagedata
structureswith asinglewriter andmultiple readers.Strip-
ing identifiesthesedatastructuresandautomaticallydis-
tributesthemto otherprocessors(i.e. new homes)at the
next globalsynchronizationpoint. As aresult,thewriter’s
effort on behalfof eachpagethat it off-loads is limited
to constructingandsendingthediff to a singleprocessor.
The processorreceiving this diff is then responsiblefor
servicingtherequestsfrom all of theconsumers.Overall,
neitherthe numberof messagesnor the amountof data
transferredis reduced,but the averagetime that a reader
waitsfor its requesteddiff drops.

Thehighloadimbalancein Tmk (Figure5) is attributed
to the distribution of the updatesfor the tree in Barnes-
Hut. In Tmk updatesare always fetchedfrom the last
writer, henceprocessor0 hasto supplyall updatesto the
treein Barnes-Hut.As processor0 getsoverwhelmedby
requestsfor updatesto thetree,it hasto spendanincreas-
ing portion of its executiontime servicingrequests.On
the32nodeclusterthis timeaccountsfor 35.6%of theto-
tal executiontime. Of thattime,50.42%is spentblocked
waitingfor thenetwork interfacetocleartheoutputqueue.

In contrast(Figure6), HLRC greatlyalleviatesthecon-
tention for readingthe tree by spreadingthe homesfor
thesedatastructuresacrossthe processors.Specifically,
if the treecoversn pagesandevery processorreadsthe
whole tree,thenTmk requiresprocessor0 to service(p-
1)*n pagerequests.HLRC insteaddistributesthe treein
n*(p-1)/p messages.After that the load of servicingthe
treerequestsis evenlydistributed.

Tmk with striping eliminatesprotocol load imbalance
causedby requestsfrom multiple processorsto processor
0 in order to obtain the tree dataand achievesprotocol
loadimbalancesandspeedups(Figure1) thatarecompa-
rable to HLRC. The protocol load histogramof Barnes-
Hut for Tmk with stripingis not includedasit showslittle
or no imbalanceandresemblestheHLRC plot.

The resultsfrom Tmk with striping demonstratethat
(for this application,at least)thereis a relationshipbe-
tweenprotocol balanceand responsetime: as protocol
imbalancegrows, so doesresponsetime. This is an ex-
pectedresult;whentheproportionof updatesoriginating
from any givennodegrows, the likelihoodof simultane-
ousrequests(i.e. contention)on thatnodeincreases.Fur-
thermore,theseresultsshow that the distribution of the
messagesis no lessimportantthan the numberof mes-
sages.For example,Tmk with stripingandHLRC trans-
fer roughlyequalamountsof dataandhaveidenticalmes-
sagedistributions. AlthoughTmk with stripingsends12
timesmoremessagesthanHLRC, they achieve thesame
speedup.

6 Related Work

A largenumberof softwaresharedmemorysystemshave
beenbuilt. Many of thepaperslookingattheperformance
of softwareDSM on thirty-two or moreprocessorshave
usedSMP-basednodes[6, 7, 9]. Thus, the actualnum-
ber of nodeson the network is typically a factorof two
to eight lessthanthe numberof processors.Becausere-
questsfor thesamepagefrom multiple processorswithin
anodearecombinedinto one,theloadontheprocessor(s)
servicingthepagemaynotbeashighaswhenthenumber
of nodesin thenetwork equalsthenumberof processors.
Thesestudieshave ignoredthe effectsof contentionand
protocolloadimbalance,asthesebecomesignificantonly
ona network with a largenumberof nodes.

Two papersthat look at large networks of uniproces-
sorsareZhou et al. [10] andBal et al. [2]. Zhou et al.
evaluatedthehome-basedlazy releaseconsistency proto-
col againstthe basicLRC protocolon an Intel Paragon.
The relatively large messagelatency, pagefault, and in-
terrupttimescomparedwith memoryandnetwork band-
width, andtheextremelyhigh costof diff creationon the
Paragonarchitectureare uncommonin modernparallel
platformsandarebiasedtowardstheHLRC protocol.The
high diff cost,led theauthorsto concludethat theperfor-
mancegapbetweenTmk andHLRC resultsfrom thevast
differencesin messagecount. We show that the perfor-
mancegapresults,instead,from thedifferencein protocol
loadbalance.

Bal et al. evaluatedOrca,an object-baseddistributed
sharedmemorysystem,on a Myrinet anda FastEther-
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netnetwork of 32 200MHzPentiumProcomputers.The
object-basedDSM systemdecreasesthenumberof mes-
sagesanddatafrom reducedfalsesharingatthecostof the
programmer’s extra effort to explicitly associateshared
datastructureswith objects.Objectswith low read/write
ratioarestoredin asingleprocessor, while thosewith high
read/writeratioarereplicatedonall processorsusingmul-
ticast.

7 Conclusions and Discussion

Weshow thatmemorylatency increasesdueto contention
andprotocolloadimbalancesarea significantobstacleto
thescalabilityof softwareDSM systems.For example,in
onecase,memorylatency increasedby 245%asthenum-
ber of nodesincreasedfrom 8 to 32. Furthermore,there
is relationshipbetweencontentionandprotocolloadbal-
ance: Higher protocol load imbalanceusually resultsin
increasedcontention. Intuitively, an increasein the pro-
portionof datadistributedfrom anode,increasesthelike-
lihoodof simultaneousrequeststo thatnode.Thus,wear-
guethatcontentionreductionandprotocolloadbalancing
shouldbe considered,in addition to messagereduction,
by designersof scalableDSM systems.

Overall,onourplatform,contentionhasaprofoundef-
fectonperformanceevenat themodestscaleof 32nodes.
In 3D FFT, thecontentionwascausedby multipleproces-
sorsaccessingdifferentsingle-writer/single-readerpages
at thesametime. By manuallyrestructuringthetranspose
loop, we found that the executiontime couldbe reduced
by 20%on32nodes.In Barnes-Hut,wefoundthatproto-
col load imbalancecausedHLRC to outperformTmk by
84%on 32 nodes.Eliminatingtheloadimbalancebrings
the performanceof Tmk on par with HLRC. Finally, in
Gauss,the contentionis dueto a single-writer/multiple-
readersharingpattern.In thiscase,two or threepagesare
readat a time, andeachpageis only readonceby each
processor(otherthanits producer).Usinga manuallyin-
sertedbroadcast,we were able to reducethe execution
timeon 32 nodesby 64%.

In our future work, we hope to automatethe useof
broadcastand load balancing to achieve these results
transparently.
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