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Abstract

In mary real applicationsfor examplethosewith frequentandir-
regularcommunicatiorpatternsor thoseusinglargemessageset-
work contentionand contentionfor messagerocessingesources
can be a significantpart of the total executiontime. This paper
presentanen costmodel,calledLoGPC thatextendshelLogP[9]
andLogGP[4] modelsto accountfor the impactof network con-
tentionand network interfaceDMA behaior on the performance
of message-passimograms.

We validate LoGPC by analyzingthree applicationsimple-
mentedwith Active Message$11, 18] on the MIT Alewife mul-
tiprocessar Our analysisshavs that network contentionaccounts
for upto 50% of thetotal executiontime. In addition,we shawv that
theimpactof communicatioriocality on the communicatiorcosts
is at mosta factorof two on Alewife. Finally, we usethe modelto
identify tradeofs betweersynchronousindasynchronoumessage
passingstyles.

1 Introduction

Usersof parallelmachinesneedgood performancenodelsin or-
derto develop efficient message-passirapplications.Several ap-
proachego modelingthe communicationperformanceof a mul-
ticomputerhave beenproposedn the literature[4, 9, 14]. These
modelsoftencapturesome but notall of the aspect®f theparallel
machine. This paperpresentsa new costmodel, LoGPC,that ex-
tendsthe LogP[9] andLogGP[4] modelswith amodelof network
contentiondelay

The LoGPCmodelleverageshe existing featuresof the LogP
modelfor fixed-sizeshortmessagewhich have beenshavn to be
successfufor regular applicationswith good communicationlo-
cality andtight synchronization.n additionLoGPCusesthe fea-
turesof the LogGPmodelto accountfor long messag®andwidth.
LoGPCextendsthesemodelswith a simplemodelof network con-
tentioneffects.We useAgarwal’'sopenmodelfor k-ary n-cubeq1]
andcloseit by including the impactof network contentionon the
messag@jectionrate.Finally, LoGPCmodelsthepipeliningchar
acteristicof DMA enginesvhichallow theoverlapof memoryand
network accesgimes.

We validate LoGPCby comparingits predictionsto the mea-

suredperformanceof threeapplicationamplementedwith Active
Message§ll, 18] onthe MIT-Alewife [2] multiprocessarTheap-
plicationsusedfor validationareall-to-all-remapwith synchronous
andasynchronoumessagingadynamicprogrammingasedDNA
chaincomparisorprogramcalledthe DiamondDAG, andEM3D a
benchmarkcodethat modelsthe propagationof the electromag-
neticwavesin solids.

Using our analysistechniqueswe were able to identify and
then eliminate performancebugs in our original implementation
of EM3D thataccountedor 20% of its run time. In additionwe
shav thatnetwork contentiondelayscausethe performancef the
DiamondDAG applicationto vary by upto 54%dependingon how
datais mappedto the nodes. Finally, we shawv that network con-
tention accountsfor up to 50% of total run time in the all-to-all
remapbenchmark.

In addition,we have usedthe LoGPC modelto studytwo as-
pectsof parallelprogramdesign. First we have studiedof the im-
pactof locality (i.e., the dataand processmapping)and message
sizeon network contention.We shawv that, giventhe MIT-Alewife
machineparametersthe performancesffect of communicatiorlo-
cality in applicationswith long messageanduniform messagelis-
tributionsis at mosta factorof two.

Secondwe have examinedthe tradeof betweerthe contention
overheadg$or synchronousndasynchronoumessaggassingWe
find thatasynchronoumessag@assingavoidsthe costsof NI con-
tention underuniform messagealestinationdistributions, but that
synchronousnessagassings preferredunderskewed distribu-
tionsbecausét avoidscreatingnetwork hotspots.

While LoGPC is highly accuratein its runtime predictions
(within 12% for the communicatiorpatternswe studied),we be-
lieve that its main value lies in its usefulnesdor thesekinds of
engineeringradeof studies.The marriageof simplecostmodels,
like LogPR, with simplecontentiormodelsallows usto studyarange
of tradeofs betweencomputationcommunicatiorand contention
whendesigningnew parallelapplications.

1.1 Overview

The remainderof this paperis organizedasfollows. The LoGPC
extensionfor pipelinedDMA is discussedn Section2. Section3
describeghe network contentionmodel usedin LoGPC.In Sec-
tion 4, we discusshe experimentakesults,comparingthe LoGPC
predictionswith measuredapplicationperformanceon the MIT-
Alewife multiprocessarSection5 discusseselatedwork andSec-
tion 6 concludeghe paper
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Figure 1: Alewife network interface. The two DMA engines
move userlevel messagebetweenthe network queuesandmem-
ory. The controllerinterruptsthe processowhen&er a nev mes-
sagearrivesin theinputqueue.

[ No.ofarguments] L [ os | or |
nullalgmessage| 21| 9 | 117
1 argument 21| 12| 119
2 argument 21| 15| 122

Table 1: LogP short message parameters on the MIT-Alewife
multiprocessofin cycles).

2 Contention-free communication performance

This sectiondiscussesnd parameterizethe communicatiorper
formanceon the MIT-Alewife multiprocessomusing Active Mes-
sagesin the absenceof network contention. In the first part we
discussthe LogP [9] parameterizationf the Alewife machinefor
short messages. For short messagesand ignoring contention,
LoGPCis equialentto LogP In the secondpart of this section
we shawv how we modelthe performanceof long messagesgain
withoutaccountingor contention.For long messagesoGPCuses
the sameparameter@s LogGP [4] and, in addition, takes DMA
pipelininginto account.The performancegarameterslerived here
areusedin later sectionsto derive the contentioncomponentgor
differentapplications.

The MIT-Alewife multiprocessothasa no end-aroundasym-
metric meshnetwork with bidirectionalchannelsusingwormhole
routing. Eachnodehasanintegratedshared-memorgndmessage-
passinginterfacewith 256 byte network input and outputqueues.
The architectureof the communicatiorcontroller[2] for message-
passing(we ignore the sharedmemory support)in eachAlewife
nodeis shawvn in Figurel. Thetwo DMA enginessupportefficient
messagéransferbetweemetwork queuesandmemory

Themessage-passingyerusedis interruptbasedActive Mes-
sages.A messageavill includethe addresf the receve handler
thatis executedafter the interruptis processed.The receve han-
dler hashigherpriority thanthe backgroundhread,.e., amessage
will interruptthe executionof the runningthreadon the receving
processor

2.1 Short message performance

For short messageshe LoGPC model usesthe performancepa-
rameterf theLogP[9] model.LogPis asimpleparallelmachine
modelthatreflectsthe mostsignificantfactorsaffectingthe perfor
manceof traditionalmessag@assingcomputersThe LogP model
parameterizeparallelmachinesn termsof four parameters(1)L
= Lateng, or the upperboundon the time to transmita message

[L]ost | om ] 1/G [ G |
[ 8 [ 25 [ 129 41MB/s(2bytes/gcle) | 0.5cycles/byte]

Table2: L ogGP long message par ameter s with bulk transferAc-
tive Messagesnthe MIT-Alewife multiprocessofin cycles).Both
the sendoverheado,;, andreceve overhead,o,;, includethe 10
cycle costof initializing the DMA engine. The messageeceve
overheadalsoincludesthe 119cycle costof aninterrupt.

from its sourceto destinatiorin anunloadechetwork, (2)o = over
head or thetime periodduringwhichthe processois busysending
andreceving amessag€(3) g = gap,or theminimumtimeintenal
betweerconsecutie sendsandreceves,(4) P = Processorsyr the
numberof processorsThe modelalsoassumes network with a
finite capacityi.e, if a processomattemptsto senda messagehat
would exceedthe capacityof the network, the processostallsuntil
the messagecan be sent. The modelis asynchronousi.e., pro-
cessorsvork asynchronouslhandthe lateny experiencecby ary
messages unpredictableput, in an unloadednetwork, bounded
abore by L.

Thenetwork latengy, L, for shortmessagem the LogP model
is definedto bethetime afterthe sendingprocessois finishedper
forming the sendoperationand beforethe receving processois
interruptedwith notificationof the arriving message On Alewife
this parametecorrespondso thetime requiredfor thefirst byte of
the messagéo male its way throughthe network plus several ad-
ditional cyclesfor the entire8 byte headetto arrive at the network
interfacebeforethe receving processois interrupted. Additional
latengy for messaggayloadbeyondthe headercanbeignoredbe-
causethearrival overlapswith the processos interruptprocessing
(andis, thereforejncludedin theo, parameter).

The g, or “gap” parameterepresentgshe maximum rate at
which a processocaninject message the network andcaptures
the nodeto network bandwidth. On Alewife the nodeto network
bandwidthis higherthan the maximumrate at which shortmes-
sagesanbe composed.Thus,the sendoverheadps, canbe used
to approximatethe gap. Our empiricalresultsconfirmthe validity
of this approximation.

The shortmessagéd.ogP performanceresultsfor the Alewife
areshawvn in Tablel. Thesendoverheados, is very small,andthe
receve overheado,, is essentiallythe costfor takingtheinterrupt.
As explainedabove the lateng, L, is constantas messagédength
grows becaus¢hearrival of ary dataaftertheheadeis overlapped
with thereceie interrupthandler

2.2 Long message performance and pipelining

For long messagesoGPC usesthe sameparameteras LogGR
andextendsthe modelto accountfor pipeliningin the DMA unit.
The LogGP[4] modelis anextensionof LogP for long messages.
It accountdor long messagsupportwith anadditionalparameter
G, or Gap per byte, wherel/G is the network bandwidthin bytes
perunittime.

As shawn in Figure 1 eachAlewife nodehastwo DMA chan-
nelswhich areusedexclusively for long messagsendandreceve.
ThesendingDMA is programmedby writing specialcontrolwords
into the memorymappedPI outputregisters. This is followed by
the processoissuinga send instructionto startthe messagénjec-
tion into the network.

Thenetwork interfaceinterruptsthe processoeachtime ames-
sageis receved at the network input queue.The processoexam-
inesthe messagéeaderand startstransferringlong messageso
memoryby issuinganinstructionto startthereceve DMA engine.
The sendandreceve DMA enginescan operatesimultaneously
althoughthey will contendfor the memoryport. Whenit occurs,
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Figure 2: Input queue length as a function of time during
pipelinedlong messagéransferon the MIT-Alewife multiproces-
sor An interruptis generateanly afterthefirst severalbytesarrive

(time aG). Messagelatacontinuego arrive duringthetime thein-

terruptis beingprocesseandbeforethe DMA transferis started
(time o0,.;). Thememorytransfebandwidth,G,, , is somavhatbet-
ter thanthe peaknetwork bandwidth,G, so eventuallythe queue
emptiesand datais transferedto memory at the slower network

rate.

this memory contentioncausesa 45% slovdown for eachDMA
operation.

The sendandreceve DMA operationamay be eitherblocking
or non-blocking. In blocking modethe processostartsthe DMA
operationand thenwaits for the entire memorytransferto finish
beforecontinuing.This is usefulif, for buffer managememnr syn-
chronizationthe processoneedso knov whenthe memorytrans-
fer hascompleted.

If thereareotherthreadsavailableto overlapthememorytrans-
fer, the programmay insteadchooseo issuea non-blocking DMA
operation.In this modethe processostartsthe DMA operationbut
thencontinueswith otherwork, permittingthe overlapof commu-
nicationandcomputation.

Themeasured.ogGPparameterfor long messageareshavn
in Table2. The processopverheaddor large messagearelarger

thanfor shortmessageasthey alsoincludeDMA setupoperations.

Both sendingandreceving a messagéncludesa 10 cycle costfor
initializing the DMA engine. The messageeceve overheadalso
includesthe 119 cycle costof aninterrupt. Figure 4 shavs the
bandwidthfor variousmessagsizeswith bulk transfer

Sendinga messag®f B bytesfirst involves spendingo,; cy-
clesin launchingthemessagécludingthecostfor DMA setup.In
the non-blockingversionthe sendemprocessois busy only during
this time. Eachbyte travels L cyclesbeforereachingthe destina-
tion processor As with shortmessagedpr long message the
LoGPCmodelwe definethe network lateny L to be the average
lateny of a messagéeaderin an unloadednetwork. The mea-
suredlateny for long messagess not the sameasthat for short
messagebecausdor long messagesve include only the cost of
network traversalfor thefirst byte,andnot the time for the restof
theheadempaclet.

Bytessubsequenb thefirsttake G cyclesto enterthe network
asalsoshavn in [4]. After thefirst few bytesof the headerarrive
(shawvn asa in Figure?2), the network interfacegenerates proces-
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Figure 3: Network bandwidth swamps interrupt cost. The up-
percurve (“min Endto End”) shaws total delivery time from initi-
ationon the sendetto the delivery of thefinal payloadbyte onthe
recever including the costof interruptingthe receiver. The lower
cune (“min O,") shavsthecostof performingonly thesendeside
operationfrom theinitial sendoperationto the injection of the fi-
nal byteinto the network. For messagekargerthan1000bytesthe
two times are nearly equivalentbecausehe fastmemorytransfer
drainsthe queueshatfilled duringtheinterrupt.

sorinterrupt, which runsareceve handler The handlerstartsup
theDMA transferandthenthe processoreturnsto the mainthread
interruptedby thereceve handler During thetime theinterruptis
takenmessageatacontinuego arrive andis queuedn thenetwork
inputqueue.

The DMA engineon the sendingnode, the wormholerouted
network andthe receving DMA work in parallelasa threestage
pipelineto provide nearlyminimal end-to-endielivery times. This
pipelining is demonstratedn both Figures3 and2. Becausehe
memorybandwidthon Alewife is nearlytwice the network router
bandwidth datais transferedo memoryfasterthanit arrivesin the
inputqueue For suficiently long message&bout1000bytes)ary
queuebuildup thatoccursduringtheinitial interruptwill bedravn
down by thetime thefinal bytearrives.

For thesemessagethe network bandwidthis the limiting fac-
tor. Thetotal end-to-end delivery time, definedto bethe difference
betweerthetime atwhich thesendingnodefirst startsthe sendop-
erationto thetime therecever recevvesthe lastbyte, will begiven

by

o+ L+ (B-1)+G. (®)

Here o, is the time for the senderto initiate the messagel
is the averagetime for the messagéeaderto travel throughthe
network, B is the messagdength(in bytes)andG is the network
“Gap” (in cyclesperbyte).

For messagesmallerthan1000bytesthe costof theinitial in-
terruptis alsoa factor For thesemessagethe end-to-enddelivery
timeisog; + L + aG + 0,1 + BG .. Hereo,; is the costof han-
dling theinterruptandG,,, givesthememorytransferrateto move
thequeueddatato memory

In generathen,thetotalend-to-endnessageeliverytimefrom
sendetto recever, whichwe denotewith T, is givenby:

Ts—r = 05t + L + max (0o, + aG + BGp, (B —1)G). (2)



Bw=1/G or communication bandwith for long messages
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Figure4: Network bandwidth, 1/G, for differentmessagesizes.
For sufficiently largemessagegver about10 Kbytes)the network
bandwidthcanbe approximatedisconstant.

Fortheapplicationsonsideredn this papethemessagéength
is always larger than 1000 bytes and we usethe simpler Equa-
tion 1.

3 Network contention

This sectionpresentsa methodologyfor extendingLoGPCto ac-
countfor network contention. The basicapproachwe take is to
begin with the LogGP machineparameterslongwith information
abouta specificprograms messagingate,andto thenapplythese
parameterto aqueueingnodelto calculatehenetwork contention
obseredby theprogram.

OurtechniquausesAgarwal’sopenmodelfor k-ary n-cubed1]
to calculatehenetwork contentiorfrom themessagé@jectionrate,
andthenclosesthe modelby feedingthe network contentioncosts
backinto the calculationfor the messagénjectionrate. This sec-
tion bagins by giving a brief overvien of Agarwal’'s model(Equa-
tions 3 through6). Thenwe discussthe methodfor closingthe
model. Next we give a numberof specificsfor dealingwith short
andlong messageandlocality. The sectioncloseswith a discus-
sionof amethodfor deriving anupperboundon the effectsof net-
work contention.

In this papemwe consideirectbufferedk-ary n-cubenetworks
thatusewormholerouting. In wormholeroutingwhentheheadeof
amessagés blocked, all otherdatain the messagstopsadwancing
andremainsn thenetwork, blockingtheprogres®f ary othermes-
sagerequiringthe channel®ccupied.Our objective is to provide a
methodologyof predictingnetwork contentionin message-passing
applications.

The averagedistance(with randomlychosemmessagelestina-
tions) a messagéravelsin eachnetwork dimensionis denotedby
kq, thusthe averagedistancein ann dimensionahetwork is nk,.
The averagedelaythrougha switch is derived by Agarwal in [1]
from a setof equationghatresultfrom the M/G/1 queuingsystem.
We assumeaminimal routingalgorithm,i.e., themessag@eadeis
routedcompletelyin onedimensionbeforethe next. The average
waiting time asa function of the probability of a messagarriving
atanincomingchannelandthelengthof the messagsizeis given
by thefollowing expression:

pB kd—1< 1)
= 1+—). 3
Wy 1_p kd2 +n ()

n network dimension
ka averagedistancen eachdirection
kar averagedistancen eachdirectionfor alocality schemd
p probability of amessagarriving atanincomingchannel
B messagsizein bytes
L no contentiometwork lateng
L7 network lateng including network contention
a thenumberof bytesbeforeinterruptis taken
[ delayin a switchdueto contentiorfor B bytes
[e network contentionpermessage
[e resourcecontentionperrequest-replyycle
m messagénjectionratenotincluding contentiondelay
me messagénjectionrateincluding contentiondelay
T inter messagéime
T. inter messagéime including contentiondelay
Te_» end-to-endnessagélelivery time
0s Osl sendoverheaddor shortandlong messages
Op Opl receve overheaddor shortandlong messages
gapperbyteonthe network for long messages
gapperbytefor memorytransferfor long messages

Table3: Summary of notation.

Thisequationcouldalsobeexpresseasafunctionof the prob-
ability of a network request in ary given cycle on a processor
The probability of a messagearriving at anincoming channel,p,
isafunctionof andcanbedeterminedasfollows. Themessage
musttravel nk, distancein average.With B bytesthe probability
of abytearriving atanincomingchannehlsoincrease®y afactor
B. Becausesachswitchhasn channelsandassuminghatwe have
bidirectionalchanneldmplementedastwo physicalchannelsthe
probability of amessagearriving atanincomingchanneis:

=B ke _p oy, @)

Thus

B? kq—1 1
Y =1 Bka  ka <1+n)' ®)
The above equationdescribeghe averageper nodecontention
delaycausedy amessagef B bytestraveling k4 distancen each
dimensionandassuminga messag@jectionrate . Thetotal net-
work contentiordelaypermessagéravelinganaveragekq distance
in eachof then dimensionss:

= nkdwb. (6)

Assumingwe know the no contentionmessageate we can
computethe averagedelay dueto contention. Although this ap-
proximationmay be acceptabldor shortmessagedor long mes-
sagesne easilyobtaina messagénjectionratethatis higherthan
the saturatiorrate. In orderto be ableto computethe delaydueto
contentionwe needto feedbackthe contentiondelayinto themes-
sageate(asthemessageatedecreasewith contention).Thisis an
extensionto thenetwork modelpresentedh [1] wherethemessage
injectionratewasconsideredonstantThefollowing equationde-
scribeghis situation.

1
T+ @)

The messageate without contentionis —. Assuminga mes-
sageof size B senton averagein oneiteration,eachwith con-
tention,then givesthe averagemessageate with contention.
Theabove equationis aquadraticequationin eitherpor . Solv-
ing this quadraticequationgives the solution for the contention
with largemessages.

Short messages. In the LogP modelthe costfor sendinga short
messagdrom sourceto destinationnot including contentionis



0s + L + o,. Thistimeis inflatedby
considered.

whencontentiondelayis

T =0s+L +0or=0s+L+ +o,. (8)

Replacing  with its expressionin the previous equationwe
obtainthe transfertime of a shortmessagéncluding the costfor
network contention. The messagesize B is the size of the short
messagén bytes.

(n+1)(kg —1)B?

Ts_r = L
s—r Os+ + 1_ Bk’d

+ or. 9)

In applicationswith high messagénjectionratesnetwork con-
tention can also causeblocking in the communicationcontroller
This causesnflation of the sendoverheador the next messagée-
ing sent. Theinflation of the overheaddepend®n the messagén-
jectionrateandthetotalamountof buffering availableatthesender
recever andin thenetwork.

On the other hand, as the sendoverheadincreaseshe mes-
sageinjectionrate  decreasesndso the likelihood of network
contentiondecreases.As we shaw in Section4, the problemof
sendoperationsblocking becomesparticularly severe with asyn-
chronousmessaggassingf the communicatiorpatterndevelops
hotspots.

Long messages. Thelong messagéransfertime with contention
effectscanbe derivedin similar way. Thetime atwhich the entire
messagef length B is availableatthereceving processois:

Ts_r =051+ (B—-1)G +L

(B-1)G +L =(B-1)G+L+

Network contentioninflatesthe network lateny a messag®eb-
senesaswell asreducingthe obsered network bandwidth. We
denotetheinflatedL andG parametersvith L andG . Onaverage
we assumean inflation of both L and G suchthat the sumof all
inflation during transmissiorequalsthe total contentiondelay
A betterway to accountfor the contentionis to consideronly the
impactof blocking of the messagéeaderand keepingthe G pa-
rameterconstantor the restof the messageTheintuition behind
this is thatoncethe heademf a messagearrivesto the destination
processaqrthe restof the messagean proceedwithout contention
becaus®f wormholerouting. The network contention, , canbe
obtainedy solvingequation/. Thefinal expressiorfor thetransfer
time canthenbeobtainedby replacingin ~ themessagénjection
rate  obtainedpreviously:

n+1)(kq —1)B?

(
To_p =0+ (B—1 L
0st + ( VG + L+ —T

(10)

Locality. This modelcaneasilybe extendedto accountfor com-
municationlocality. In applicationsthat exploit locality of com-
munication,the averagedistancebetweencommunicatingoroces-
sorsis reduced. Reducingthe averagedistancemessagesravel
improveslateny becauset reduceshe numberof hopsper mes-
sageandalsoreducesetwork contention. Differentapplications
canusedifferentlocality models. We modellocality by reducing
the averagemessagelistance k,. We assumehat eachmessage
from ary processotravelsa maximumof hopsin ary direction.
Destinationsarerandomlychoserinsidethis span.

The Alewife multiprocessoiis basedon a 4x8 no-end-around
meshwith bidirectionalchannels. The averagenetwork distance
(assumingandomlychoserdestinationsanbe calculatedasthe

sumbetweerthe averagedistanceslongthe and dimensions.
Onary dimensionk the averagedistancds —.

kg =kq +ka =(k +k)_(_+_). (11)

The averagemessagelistanceon the Alewife meshis kg =
ka +kg = . Using a locality modelin which processor
sendsmessageso either processor + 1 or — 1 with equal

probability will resultin anaveragedistance ks = 1. . This
distanceas computedasfollows:
T oo , =1+ o , +1
h = L =D+ o (L +1) gy
Asthe dimensionis largerthanthe dimensionand isthe

lower dimensioncontentioneffectswill be morepronouncean
comparedvith . As themeshin Alewife hasno end-arounacton-
nectionscontentioneffects are higherin the centralregions com-
paredwith mamgins.

Upper bound on contention. An upperboundontheperformance
degradationdueto network contentioncanbe derived assuminga
maximal messagenjection rate (i.e., the processorsio no work,
but simply try to continuouslysendmessageandby usinga map-
ping with large network distancege.g., a randommapping). This
alsogivesus anindicationon performancemprovementsobtain-
able with improved mappingor communicationocality for very
fine-grainedapplicationswith largemessages.

If therewereno contentionthemaximalmessagénjectionrate
would be ;—. Solving the following equation(obtainedfrom
equation?) givesa lower boundon the messagénjection rate
with contention.

= . (13)

GB + —
Thesolutionobtainedfor hastheform =1 Bwhere
is a constantderived from the pair k4, G or = (kq,G).

The inter-message time with contention, T’ , is the inverseof the
messagénjectionratewith contentionor 1 . A constanupper
boundontheinflation of theinter messagéime s then:

_ B _ (kdvG)
T T= = el (14)

Discussion. Thenetwork contentionmodelpresentedn this sec-
tion can easily be adaptedto slightly different network topology
assumptions.The dimensionof the network is capturedby the n
parameter Otheraspectof the network suchasend-aroundton-
nectivity andthetypeof physicalchannelsised(e.g. unidirectional
or bidirectional)canbeincorporatedy changingk,. For example,
theaveragemessagéistancewith unidirectionalkchannelsindend-
aroundconnectionsn onedimensionis ——.

The communicationcoprocessobasedcommunicationinter-
faceis differentonly in the reducedprocessoverheadcostdue
to a betteroverlappingbetweencommunicatiorand computation.
Thetwo DMA basedAlewife network interfaceactuallyemulates
a communicationcoprocessoas for relatively long messageshe
communicatioriimesarecompletelyoverlappedvith computation.
Becausenessagjectionratescouldpotentiallybehigherin such
architecturesheimpactof network contentionis evenmoresignif-
icant. Thederivation of the network contentioncomponentanbe
donein similarway.



| Type | LogP | LoPC | LoGPC |

» | Measured| BlockedCMMU access

Synchronous| 316 | 453 499

23

137 486 0

Asynchronous| 137 137 137

31

- 151 0

Table4: Cost of oneiteration in all-to-all remap with 2 agumentshortmessageéin cycles). LoPC[14] is usedfor estimatingprocessor
contentionin synchronousnessagingLoGPCincludesboth costsfor network and processorcontention.The LogP costfor asynchronous
messagings os + o, andfor synchronousnessagings (os + L + o;).
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Figure5: All-to-all remap for long messages.

Parallel computerghatimplementmessage-passirgyerson
top of a shared-memorgystemwill still suffer from network con-
tentionasthe network contentioncostis mainly determinecby the
communicatiorvolume,whichis the samein bothcases.

4 Applications

In thissectionwe validateLoGPCagainsseveralapplicationsThe
applicationsstudiedinclude an all-to-all remapwith eitherasyn-
chronousor synchronousmessagingstyles, a dynamic program-
ming basedDNA chaincomparisorprogramcalled the Diamond
DAG, andEM3D, a benchmarkcodethat modelsthe propagation
of electromagnetigvavesin solids.

Our validationsare performedagainstthe MIT-Alewife multi-
processomwhich was parameterizeéh Section2. Network band-
width (andthereforecontention)on Alewife is fairly representa-
tive of whatis foundin a variety of currentgeneratiorcommercial
andresearchmultiprocessor§7]. Becausgrocessospeedsrein-
creasindasterthanthe bandwidthof high-endlocal areanetworks
(e.g. Myrinet) network contentioneffectson networks of worksta-
tions (e.g.[20]) will be somavhatmoreseverethanthe contention
obseredin theseresults.

4.1 All-to-all remap

In this subsectiorwe analyzethe performanceof all-to-all remap
with both asynchronousind synchronoushort messagesas well
asfor long messagesBy an all-to-all remapwe meanary com-
municationpatternwhereeachprocessor repeatedlysendsmes-
sagesto eithera randomlychosendestination,or to destinations
(+ )m while increasing . The goal of this subsection
is to highlightthe key differenceshetweenasynchronouandsyn-
chronousnessagingswell asvalidatingLoGPCfor differentcom-
municationpatterns We focuson the effect of network contention

both on the obsered network lateny and on the cost of block-
ing during sendoperations. For synchronousnessagesve also
include the delay due to contentionfor processoresources.We
find thatasynchronoumessagings muchlesssensitie to network
contentiorthanis synchronousessagingThenetwork contention
modelturnsout to very accuratelypredictthe performanceof the
communication.

Synchronous short messages. A synchronoushortmessagéen
this paperdenotesa request-replypair. In somesenseit is simi-
lar to a remotereador write primitive in a simplesharedmemory
system.Thethreadissuingthe requestvaits for thereply message
beforethe next requestis issued. A requestarriving at a proces-
soris queuedf it cannotbe servicedimmediately(e.g., if another
requestis alreadybeing serviced). In the synchronousall-to-all
remapmeasurechereeachprocessorepeatedlysendsa message
to arandomdestinatiorandthenwaitsfor areply message.

Thesecommunicatiorpatternshave beenpreviously examined
in [14]. Thatpaperintroducesanextensionto LogP, calledLoPC,
that usesa multiclassqueueingmodel, basedMean Value Analy-
sis,to predictcontentiorbetweerdifferentthreadgor processore-
sourcesFor applicationausingsynchronoushortmessagesyver-
all communicationvolume s quite low (becausesachprocessor
can have only one outstandingmessageat a time), and so con-
tentionbetweenmessagem the network is not a significantpor-
tion of runtime. Rather LoPC focusedon the interferenceeffects
of differentmessagéandlerstrying to run on the sameprocessor
atthe sametime. An empiricalresultof the LoPC work wasthat,
for communicatiorpatternslike synchronousll-to-all remapus-
ing short messagesthe queueingdelay per messagesent, , is
approximatelyequalto the costa messagéandlerthatsendsare-
ply messagéo, + os). Thecostof eachcommunicatiorround-trip
isthenmodelecby LoPCas (0s + L+  +o0;)+ .

We shav both the measuredimes and predictionsof several
differentmodelsin Table4. For synchronousnessaginghe cost
of eachcommunicationiterationis (os + L + +or)+ o,
where , denoteghe averagecontentionfor processoresources
and s theadditionallateny obsered dueto network conges-
tion. Of theaverage486 cyclesmeasuredor eachmessageound-
trip the LoPC modelpredictsthatabout28% (137 cycles)aredue
to contentionbetweenmessagéiandlersfor processoresources.
The LoGPC model predictsthat an additional46 cycles( ) is
dueto contentionbetweermessagem the network. Addedto the
basecontentionfree costof 316 cycles,givenby (os + L + o),
the LoGPCmodelpredictsanaveragecostper messageound-trip
at499cycles,a 3% overestimate.

Asynchronous short messages. The effect of network lateng
can sometimese avoided by using an asynchronousnessaging
model. In anasynchronousll-to-all remapeachprocessosends
n messageo n differentlocationswithout waiting for ary reply
messagesOn averageeachprocessowill bothsendandreceve n
messagesiVe modelthetotal costof asynchronouall-to-all remap
with n iterationsasn(os +o- ). Thiscommunicatiorpatternshould
beinsensitveto network lateny becauséherearenodependencies
onthetime atwhichmessagearrive.

Table4 shaovs the measure@ndpredictedcostperiterationof
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Figure6: Diamond DAG

asynchronousll-to-all remap. The measurectostis about10%
largerthanpredictedby the model. About a third of thedifference
(5 cycles)is dueto unmodelectacheinterferenceeffects. Therest
of thedifferences dueto anotheunmodeledeatureof the Alewife
communicatiorsystem:A messag¢hatinterruptsa sendoperation
incursextra costfor storingthe partially constructednessage.

We calculatedthe average messagenjection rate for asyn-
chronousmessagesis = ——— assumingthat on averagea
sendand a receve is sened inside eachiteration. The last col-
umn of Table 4 shaws that althoughmessage# this communi-
cationpatternincur a considerablemountof extra lateng dueto
network contention,noneof the sendoperationsever blocked be-
causeof network flow control. For well distributed communica-
tion patterndik e thatusedheretherearefew network hotspotsand
Alewife’snetwork outputqueuesresuficientto hidenetwork con-
tentionfrom asynchronousendoperationsLaterin thissectionwe
shav thatthe communicatiorpatternfrom the EM3D application
incursconsiderableetwork hotspotcontentionwhich doescause
sendoperationgo block. Similarly communicatiornpatternswith
long messagesas discussechext, canobsere considerablecost
for blockingsends.

Long Messages. Next we examine an asynchronousll-to-all
remapwith randomlychosenmessagelestinationandlong mes-
sagesof length B bytes. Assumingthat on averageone mes-
sagearrives for eachmessagesentthenthe costof oneiteration
isos + (B—1)G+ (B —1—a)G, orapproximately BG. See[4]
for a similar approximation. As shavn in Section2, on Alewife
G = . cycles/byte sothe maximumrateis 1 messagénjection
per B cycles.

Applying the modelin Section3 we find thatin factthe maxi-
mummessagénjectionrate,includingcontentioreffects,is 1 mes-
sageevery . B cycles.As shawvn in Figure5 thisis arelatively
closeto the measurednessagenjection rate for all-to-all remap.
Acrossavariety of messagsizes the measuredateshavs asmall
variationaroundl messag@er . B cycles.

Notethatthisanalysishasbeenperformedwith amaximalmes-
sagednjectionrate(i.e., anapplicationthatsimplytriesto sendmes-
sagesasquickly aspossiblewithout stoppingto do ary work). In-
creasinghe computatiorto communicatiorratio or improving the
applicationlocality will decreas@etwork contention.This permits
usto find anupperboundon the effect of contentionwith random-
ized communicatiorpatterns.Given the Alewife machineparam-
eters,applicationperformanceancluding network contentionis at
mostafactorof 2.22worsethanwithoutary contention.
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Figure 7: A Gantt chart of computation and communication
schedules for the Diamond DAG with stripe partitioning. The
rectangulablocksrepresentheblockingsend(o,) andreceve (o)
overheadsiswell ascomputatiortimes(w). Thearrows represent
communicatiorbetweerprocessors.

4.2 Diamond DAG

In this sectionwe derive andanalyzeefficient schedulesor the Di-
amondDAG application.DiamondDAG is a DNA chaincompar
ison programthat usesan algorithm basedon dynamicprogram-
ming. This applicationDiamondDAG hasbeenpreviously ana-
lyzedwith thedelay model[21] andthe CLAUD model[6].

Ourobjectivein thissectionis to shav how to derive theperfor
manceanalyticallyincludingthe costsof network contention.First
we derive the performanceor the no contentioncase. Then,we
calculatethe messagénjection rateincluding network contention
effects. The network contentiondelay obtainedis addedto the
malespanalongthe critical pathof the DAG. Finally we compare
theanalyticallyderived costwith measurementsf animplementa-
tion with bulk transferActive Messagesn Alewife.

The DiamondDAG with n  n taskscanberepresentedsan
n  n grid, with vertexesrepresentingasksandedgegepresenting
datadependenciebetweentasks,seeFigure6. For the remainder
of this sectionwe will definea unit time asthetime to computea
taskand expressthe parameterd,, o and G in termsof this unit
time.

Stripe partitioning. The GanttChartin Figure 7 representa
feasiblescheduldor the DiamondDAG. Severalotherpartitioning
solutionslike line partitioning or a dynamicpartitioning of tasks
to processorgould alsobe considered Finding the optimal parti-
tioning scheméfor the DiamondDAG is outsidethe scopeof this
paper Insteadwe will focuson choosingthe correctcommunica-
tion granularitygivena stripepatrtitioning.

In astripepartitioningtheDAG is partitionedacrosgheproces-
sorsinto  equalhorizontalstripeseachof size(n ) n. Each
stripeis further split into  equalrectangulamblocks with n?
taskseach.Eachblock dependsn, andmustwait for, then  re-
sultsfrom the block belaw it in the dependengc graph. After all
n? tasksin a block have beencomputed,then  dataval-
uesalong the top edgeof the block will needto be sentto the
processothatowns the stripeabove. Choosingthe optimal block
sizeinvolvesatrade-of betweerthereducedccommunicatiorcosts
obtainedby bundling messageandtheincreasedserializationbe-
causeeachprocessomustwait for thefirst datasetfrom the previ-
ousprocessor
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Figure 8: Diamond DAG performance. Comparisonof mea-
suredperformanceto model predictionswith stripe partitioning,
n=1 , = ,andeachtasktakes100cycles. The“Alewife
locality” curve usesthe systemdefault node numberingin the
Alewife mesh. Node sendsto node + 1, but numericallyad-
jacentnodesarenot alwaysadjacenin themesh.

We definethe makespan, , asthetime consumedor eval-
uatingthe entire DiamondDAG. We representt in the following
form

=( +)+( — ) +( -1 +0.+ . (15)

This expressionfollows the critical pathin the Ganttchartin
Figure 7. This involves somework on the initial processaqr ,
followed by theinitial messagéatenq to the secondorocessar .
Next, =O,+ + accountspneachprocessaqrfor theinitial
cycle of messageeceving, work andlateng to thenext processor
Finally,( —1) +0O,+ ,where =0Os;+ + O, accounts
for theprocessinglonein thefinal stripe.

In the above expression  includesboththealgorithmicwork

w = —; for eachblock andthe extra costfor messageggrea-
tion, which we approximateasproportionalto the numberof data
valuessentaftereachblockis computedThus =w + .

We use to denotethe periodfrom the time the sendersends
thefirst byte andthereceving processors notified of the message
arrival. Thistimeis L+aG, whereL is thetime neededor thefirst
byteto travel throughthenetwork andaG is theadditionaltime for
thecompleten byte messagéeadeto arrive atthe destination.

Finally, we notethatif the messagéengthperblockis B =
n  then,usingthe modelfrom Section2, Os = o + (B — 1)G
andO, = (B —1—a)G.

Now we canfind the maximumof
tion =

To accountfor the costsof network contention,we usethe
model from Section3 with the messageate calculatedfrom the
equation

in by solvingtheequa-

1
+

where is thenetwork contentioncomponentnsidea block.
An upperboundonthecostof contentiorcanthenbecalculated
by assuminghatthis network contentiorcomponenis obseredby
all communicatiorprimitivesalongthecritical path. Thisincludes
— 1 senddor thecommunicatiorin thefirst block of eachstripe
andanadditional — 1 sendsandrecevesin thefinal stripe.

Experimental results. We implementedhe DiamondDAG with
bulk transferActive MessagesAlthoughthe bulk messagenech-
anismitself is very efficient the costfor messagaggreationand
unpackings very high, accountingor morethan50% of total run-
timewithn =1 and = . Thecomputationaphaseof each
task consistsof two doubleprecisionfloating point additionsand
onemultiplication.

For the purpose®f experimentatiorwe createdaversionof the
programwherethe amountof dataassociatedvith eachblock can
alsobevaried. We examinedthreedifferentmappingof stripesto
processorsin thefirst mapping stripeswereallocatedo randomly
chosenprocessors.in the secondmappingstripeswere allocated
by Alewife’s default node numbering,i.e., stripe is mappedto
processor. While this is betterthana randommapping,it is not
optimal becausehe systemmappingdoesnot put all sequential
processonumbersadjacento oneanotherin themesh.In thefinal
mappingwe carefullyallocatedhestripes suchthateachprocessor
would communicatenly with two physicallyadjacenprocessors.

A comparisorof measure@ndpredictedvaluescanbe seenin
Figure8. For messagéengthsup to 16000byteswe obsered no
contention.The contention-freenodelprovidesperformanceesti-
matesthat are accurateto within 3.14%. Network contentionbe-
ginsto affecttherandomlymappedversionwhenthe messagsize
reaches32000bytesper block. This correspondso a communi-
cationto computatiorratio of 0.625.As we increasedhe message
lengthup to 320000bytestherandomlymappedrersionbecameup
to 56% slawer thanthe perfectlymappedversion.Using Alewife’'s
standardprocessomappingcausedup to 31% runtime increases
dueto network contention.

Similar messagesizesand communicatiorto computationra-
tios would alsobe obsenred by increasinghe n parametefasfor
very long DNA chains)while keeping small. Thus,performance
degradationdueto network contentionsetsa lower boundon the
numberof blocks, , usedfor stripe partitioningin the Diamond
Dagapplication.

4.3 EMS3D

EM3D is a programoriginally developedat UC Berkeley with the
Split-C parallellanguagelt modelsthe propagatiorof electromag-
neticwavesthroughthree-dimensionalbjectsusingalgorithmsde-
scribedin [19]. We startedwith a messag@assingversionported
from a CM-5 bulk transferimplementatiori8].

EM3D operaten anirregular bipartite graphwhich consists
of E nodeson oneside, representinglectricvaluesand H nodes
on the other representingnagneticfield value at that point. The
programhasinput parametershat canbe usedto control the total
communicatiorvolumeandthe communicatiorocality.

The core phaseof the EM3D repeatedlyupdateshe E andH
nodes.In eachiterationeachnoderequiresthe valuesof all of its
neighboringnodes.A processomustsenda valuefor eachof its
edgesthat endson a differentprocessor In our implementation,
valuesare sentin blocksof 10 usingAlewife’s short-messagta-
cility. Thistechniqueis alsodescribedasghostnodesor software
cachingin [8]. Theideais to communicatenode valuesalong
edgesandbuffer themat the receving processordeforethe com-
putationphasebegins.

Thecommunicatiorphasen thecorecomputatioris similarto
the asynchronoushortmessagaeill-to-all remapdescribecearlier
We modelthe communicatiorcostsasos + o, permessage.

Experimental results. Figure1l0shavs acomparisorof themea-
suredand predictedruntimesof EM3D asthe locality parameter
is varied. We usedan input datasetwith 3200 nodes,degree 32,
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100perceninon-localedges;100iterationsandvariedthe spanpa-
rameterfrom 1 to 15. The volume of communicationinside the
corecommunicatiorphaseis determinecby the numberof nodes
andthe degreeparameters.The locality of communications de-
terminedby the spanparameterA largerspancorrespondso less
locality in thecommunicatiorpattern.

Although the communicationphaseis similar to the asyn-
chronousall-to-all remapphasedescribedearlier we obsered a
much larger effect in EM3D of network contentioncausingsend
operationsto stall. We suspectedhat the causeof this con-
tention was hotspotsin the non-uniformcommunicationpattern.
We rewrotethe corecommunicatiorphasesothatthe messagélis-
tribution was more uniform (i.e.,, random). This provided a 70%
reductionin stall time anda 20% overall improvementin runtime.
Themodifiedresultsarelabeled‘improved” in Figure10. There-
mainingdifferencesetweerthe predictedandmeasureduntimes
aredueto furtherhotspotsn boththe synchronizatiomandcommu-
nicationphaseshatwe wereunableto eliminate.

5 Reated Work

The LogP model[9] is a simple parallelmachinemodelintended
to sene as a basisfor developing portable parallel algorithms.
Alexandrw et al definedthe LogGP [4] modelasan extensionof
LogP to capturethe large bandwidthrequirementof applications
usinglong messag@rimitives. LoGPCleverageghe performance
parametersf LogPandLogGPandextendtheanalysiswith amore
detailedmodelof theDMA pipelineandanetwork contentiorcom-
ponent.

The LoPC model [14] also extendedthe LogP modelwith a
contentionmodel. LoPC, however, focusedon contentiorbetween
differentthreadsor computatiorresourcesatherthanon network
contention. For the communicatiorpatternsstudiedin that paper
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Figure10: EM 3D performance. Comparisorof measuregerfor

manceto modelpredictiondor thecoreE+H computatiorphaseof

EM3D. OntheX axisthe“span”parameteis varied.A largerspan
correspondso lesslocality in the communicatiorpattern. As the
communicatiorpatternis asynchronousyhencontentionhotspots
are eliminatedthe LogP run-time predictionis the sameas the

LoGPCprediction.Remainingdifferencesetweerthe LoGPC(or

LogP)predictedperformancandthemeasuredimproved” perfor

mancearedueto furtherhotspotsin both the synchronizatiorand
communicatiorphaseghatwe wereunableto eliminate.

(mostlybasedn synchronoushortmessagesyontentiorfor pro-
cessorresourcesccountsfor up to a third of total executiontime
while network contentionis not particularlysignificant.In this pa-
perwe have focusedon modelingapplicationsvherenetwork con-
tentionaccountdor a significantportion of total runtime.

The Claudmodel [6] is similarto the LogP modelin thesense
thatit usesa small setof parameterso modelthe performanceof
a message-passirgpmputer Claudattemptsto incorporatemore
detailsaboutthe interconnectiometwork for a moreaccuratepre-
diction of network latencies,but doesnot accountfor contention
effects.

The network contentionmodelusedby LogPC startswith the
openqueueingmodeldescribedn [1], but extendsand closesthe
modelby relatingthetermsfor messag@jectionrateandmessage
lateng. A similar openmodelof network contentionwasusedby
KruskalandSnirfor bufferedindirectnetworks[17].

A differentapproachto the questionof communicationcon-
tentioncanbe seenin studiessuchas[12]. This paperpresentsa
worst casecomplity analysisof the non-emptinesproblemin-
cludingthe effectsof contention.Suchstudiesfocuson worstcase
analysisof particularalgorithmswhereour approachis basedon
gueueingmodelsand attemptsto model the constantfactorsthat
areof concerrto applicationprogrammergandmachinedesigners.

A numberof researcherfiave examined application perfor
mancein an empirical setting. For example, Karamchetiet al
[16] studiedthe network interface architecturesn the CrayT3D
andTMC CM-5 andexaminedsereral messagingmplementations
for reducingoutput contentioneffects. Holt et al [13] studied
the performancef cache-coherertistributedsharedmemoryma-
chinesusingfour parametersimilarto LogP. They usedtheo per
formanceparametetto model the occupang of the communica-
tion controller Their studyshavs thatapplicationperformances
highly sensitve to thecontrolleroccupang. Finally Chonget al [7]
examinedthe effect of network bandwidthon applicationperfor
manceusingseveral differentcommunicatiorschemesThey find



that messaggassingcommunicatiorprimitives are lesssensitve
to network bandwidththanaresharednemoryprimitives.

Several studiesapply the contention-freeLogP and LogGP
modelsto evaluatethe communicatiorperformancef variouspar
allel computersand network of workstations. Culler et al [10]
usedthe LogP modelto compareghenetwork interfacesof theIntel
ParagonMeiko CS-2,anda clusterof workstationswith Myrinet.
A. Moritz et al [5] comparedhe communicatiorperformanceof
MPI on CrayT3D,Meiko andnetwork of workstations.Keatonet
al [5] quantifiedthe LogP for local areanetworks. Martin et al
[20] studiedtheimpactof communicatiorperformanceof parallel
applicationsin high performancenetwork of workstations.Using
the LogGP parametershey shaved that theseapplicationsshav
strongsensitvity to overheads.Finally, Arpaci-Dusseawt al [3]
developedfastparallelsortingalgorithmsusingLogP.

6 Conclusions

Network contentionand network interface contentioncan consti-
tute a large portion of the total run-time of parallel applications.
We find that contentionaccountsfor 50% of the costof all-to-alll
remapwith long messageandup to 30% of the DiamondDAG,
andEM3D benchmarks.

This paperpresentech new costmodel, LoOGPC, that extends
the LogP andLogGPmodelswith a simplemodelof network con-
tention. The network contentionrmodelextendsandclosesthe net-
work model describedn [1] wheremessageénjection rateswere
consideredonstantAlthoughaconstanimessageatecanbeused
for smallmessagest is notapplicablefor long messagedn addi-
tion, LoGPCextendsLogGP by modelingnetwork interfaceswith
DMA support.

For all the communicationpatternsstudiedin this paper the
LoGPC modelis ableto provide performanceestimatesthat are
within 12% of measuredralueson the MIT Alewife multiproces-
sor.

By usingthe LoGPCmodelwe wereableto studya numberof
issuesn parallelprogramdesign.First, we usedthe LoGPCmodel
to helpfind performanceéugsin ouroriginal versionof EM3D and
asaresultwe wereableto improve the performanceof this appli-
cationby 20%. In addition,we have comparedasynchronousand
synchronousnessagingstyles. We found that using synchronous
messag@assingcausedsignificantresourcecontentionat the net-
work interfaces. Therefore,asynchronousnessagings adwanta-
geouswvhena uniform messagelistribution canbe guaranteedOn
the otherhand,non-uniformmessagadlistributionscancauseseri-
ousnetwork contentionwhich causessynchronoumessagsend-
ing primitivesto block for long periodsof time.

Finally we studiedtheimpactof applicatiorlocality on network
contention.We find thatlocality is importantup to a constanfac-
tor dependenbn the network bandwidthand applicationlocality.
Usinglarge messagewith bulk transferon the MIT-Alewife mul-
tiprocessoresultedin a performancalegradationup to a factorof
two dependingon the mappingused.
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