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Abstract

In many realapplications,for examplethosewith frequentandir-
regularcommunicationpatternsor thoseusinglargemessages,net-
work contentionandcontentionfor messageprocessingresources
can be a significantpart of the total executiontime. This paper
presentsanew costmodel,calledLoGPC,thatextendstheLogP[9]
andLogGP[4] modelsto accountfor the impactof network con-
tentionandnetwork interfaceDMA behavior on the performance
of message-passingprograms.

We validate LoGPC by analyzing three applicationsimple-
mentedwith Active Messages[11, 18] on the MIT Alewife mul-
tiprocessor. Our analysisshows that network contentionaccounts
for upto 50� of thetotalexecutiontime. In addition,weshow that
the impactof communicationlocality on thecommunicationcosts
is at mosta factorof two on Alewife. Finally, we usethemodelto
identify tradeoffs betweensynchronousandasynchronousmessage
passingstyles.

1 Introduction

Usersof parallelmachinesneedgoodperformancemodelsin or-
der to developefficient message-passingapplications.Severalap-
proachesto modelingthe communicationperformanceof a mul-
ticomputerhave beenproposedin the literature[4, 9, 14]. These
modelsoftencapturesome,but notall of theaspectsof theparallel
machine.This paperpresentsa new costmodel,LoGPC,thatex-
tendstheLogP[9] andLogGP[4] modelswith amodelof network
contentiondelay.

TheLoGPCmodelleveragestheexisting featuresof theLogP
modelfor fixed-sizeshortmessageswhich have beenshown to be
successfulfor regular applicationswith good communicationlo-
cality andtight synchronization.In additionLoGPCusesthe fea-
turesof theLogGPmodelto accountfor long messagebandwidth.
LoGPCextendsthesemodelswith asimplemodelof network con-
tentioneffects.WeuseAgarwal’sopenmodelfor � -ary � -cubes[1]
andcloseit by including the impactof network contentionon the
messageinjectionrate.Finally, LoGPCmodelsthepipeliningchar-
acteristicsof DMA engineswhichallow theoverlapof memoryand
network accesstimes.

We validateLoGPCby comparingits predictionsto the mea-

suredperformanceof threeapplicationsimplementedwith Active
Messages[11, 18] on theMIT-Alewife [2] multiprocessor. Theap-
plicationsusedfor validationareall-to-all-remapwith synchronous
andasynchronousmessaging,adynamicprogrammingbasedDNA
chaincomparisonprogramcalledtheDiamondDAG, andEM3D a
benchmarkcodethat modelsthe propagationof the electromag-
neticwavesin solids.

Using our analysistechniqueswe were able to identify and
then eliminateperformancebugs in our original implementation
of EM3D that accountedfor 20% of its run time. In additionwe
show thatnetwork contentiondelayscausetheperformanceof the
DiamondDAG applicationto varyby upto 54%dependingonhow
datais mappedto the nodes.Finally, we show that network con-
tention accountsfor up to 50% of total run time in the all-to-all
remapbenchmark.

In addition,we have usedthe LoGPCmodelto studytwo as-
pectsof parallelprogramdesign.First we have studiedof the im-
pactof locality (i.e., the dataandprocessmapping)andmessage
sizeon network contention.We show that,giventheMIT-Alewife
machineparameters,theperformanceeffect of communicationlo-
cality in applicationswith longmessagesanduniformmessagedis-
tributionsis at mosta factorof two.

Second,wehave examinedthetradeoff betweenthecontention
overheadsfor synchronousandasynchronousmessagepassing.We
find thatasynchronousmessagepassingavoidsthecostsof NI con-
tention underuniform messagedestinationdistributions, but that
synchronousmessagepassingis preferredunderskewed distribu-
tionsbecauseit avoidscreatingnetwork hotspots.

While LoGPC is highly accuratein its runtime predictions
(within 12% for the communicationpatternswe studied),we be-
lieve that its main value lies in its usefulnessfor thesekinds of
engineeringtradeoff studies.Themarriageof simplecostmodels,
likeLogP, with simplecontentionmodelsallowsusto studyarange
of tradeoffs betweencomputation,communicationandcontention
whendesigningnew parallelapplications.

1.1 Overview

The remainderof this paperis organizedasfollows. TheLoGPC
extensionfor pipelinedDMA is discussedin Section2. Section3
describesthe network contentionmodelusedin LoGPC.In Sec-
tion 4, we discusstheexperimentalresults,comparingtheLoGPC
predictionswith measuredapplicationperformanceon the MIT-
Alewife multiprocessor. Section5 discussesrelatedwork andSec-
tion 6 concludesthepaper.
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Figure 1: Alewife network interface. The two DMA engines
move userlevel messagesbetweenthenetwork queuesandmem-
ory. Thecontrollerinterruptstheprocessorwhenever a new mes-
sagearrivesin theinputqueue.

No. of arguments L ��� ���
null arg message 21 9 117

1 argument 21 12 119
2 argument 21 15 122

Table 1: LogP short message parameters on the MIT-Alewife
multiprocessor(in cycles).

2 Contention-free communication performance

This sectiondiscussesandparameterizesthe communicationper-
formanceon the MIT-Alewife multiprocessorusingActive Mes-
sagesin the absenceof network contention. In the first part we
discusstheLogP [9] parameterizationof theAlewife machinefor
short messages. For short messages,and ignoring contention,
LoGPC is equivalent to LogP. In the secondpart of this section
we show how we modeltheperformanceof long messages,again
withoutaccountingfor contention.For longmessagesLoGPCuses
the sameparametersas LogGP[4] and, in addition, takes DMA
pipelining into account.Theperformanceparametersderivedhere
areusedin later sectionsto derive the contentioncomponentsfor
differentapplications.

The MIT-Alewife multiprocessorhasa no end-aroundasym-
metric meshnetwork with bidirectionalchannelsusingwormhole
routing.Eachnodehasanintegratedshared-memoryandmessage-
passinginterfacewith 256 byte network input andoutputqueues.
Thearchitectureof thecommunicationcontroller[2] for message-
passing(we ignore the sharedmemorysupport)in eachAlewife
nodeis shown in Figure1. Thetwo DMA enginessupportefficient
messagetransferbetweennetwork queuesandmemory.

Themessage-passinglayerusedis interruptbasedActiveMes-
sages.A messagewill includethe addressof the receive handler
that is executedafter the interrupt is processed.The receive han-
dler hashigherpriority thanthebackgroundthread,i.e., a message
will interrupttheexecutionof the runningthreadon the receiving
processor.

2.1 Short message performance

For short messagesthe LoGPC model usesthe performancepa-
rametersof theLogP[9] model.LogPis a simpleparallelmachine
modelthatreflectsthemostsignificantfactorsaffectingtheperfor-
manceof traditionalmessagepassingcomputers.TheLogPmodel
parameterizesparallelmachinesin termsof four parameters:(1)L
= Latency, or the upperboundon the time to transmita message

L � �
	 � ��	 1/G G
8 25 129 41MB/s(2bytes/cycle) 0.5cycles/byte

Table2: LogGP long message parameters with bulk transferAc-
tiveMessagesontheMIT-Alewife multiprocessor(in cycles).Both
the sendoverhead,� ��	 , andreceive overhead,� ��	 , include the 10
cycle costof initializing the DMA engine. The messagereceive
overheadalsoincludesthe119cyclecostof aninterrupt.

from its sourceto destinationin anunloadednetwork, (2)o = over-
head,or thetimeperiodduringwhichtheprocessoris busysending
andreceiving amessage,(3) g = gap,or theminimumtimeinterval
betweenconsecutive sendsandreceives,(4) P = Processors,or the
numberof processors.The modelalsoassumesa network with a
finite capacity, i.e., if a processorattemptsto senda messagethat
wouldexceedthecapacityof thenetwork, theprocessorstallsuntil
the messagecan be sent. The model is asynchronous,i.e., pro-
cessorswork asynchronouslyandthe latency experiencedby any
messageis unpredictable,but, in an unloadednetwork, bounded
above by  .

Thenetwork latency,  , for shortmessagesin theLogPmodel
is definedto bethetimeafterthesendingprocessoris finishedper-
forming the sendoperationandbeforethe receiving processoris
interruptedwith notificationof the arriving message.On Alewife
this parametercorrespondsto thetime requiredfor thefirst byteof
themessageto make its way throughthenetwork plusseveralad-
ditional cyclesfor theentire8 byteheaderto arrive at thenetwork
interfacebeforethe receiving processoris interrupted.Additional
latency for messagepayloadbeyondtheheadercanbeignoredbe-
causethearrival overlapswith theprocessor’s interruptprocessing
(andis, therefore,includedin the � � parameter).

The � , or “gap” parameterrepresentsthe maximum rate at
which a processorcaninject messagesin thenetwork andcaptures
the nodeto network bandwidth. On Alewife the nodeto network
bandwidthis higher than the maximumrateat which shortmes-
sagescanbecomposed.Thus,thesendoverhead,� � , canbeused
to approximatethegap. Our empiricalresultsconfirmthevalidity
of this approximation.

The shortmessageLogP performanceresultsfor the Alewife
areshown in Table1. Thesendoverhead,��� , is verysmall,andthe
receive overhead,� � , is essentiallythecostfor takingtheinterrupt.
As explainedabove the latency,  , is constantasmessagelength
growsbecausethearrival of any dataaftertheheaderis overlapped
with thereceive interrupthandler.

2.2 Long message performance and pipelining

For long messagesLoGPC usesthe sameparametersas LogGP,
andextendsthemodelto accountfor pipelining in theDMA unit.
TheLogGP[4] modelis anextensionof LogPfor long messages.
It accountsfor long messagesupportwith anadditionalparameter,
G, or Gap per byte, where1/G is thenetwork bandwidthin bytes
perunit time.

As shown in Figure1 eachAlewife nodehastwo DMA chan-
nelswhichareusedexclusively for longmessagesendandreceive.
ThesendingDMA is programmedby writing specialcontrolwords
into thememorymappedIPI outputregisters.This is followedby
theprocessorissuinga send instructionto startthemessageinjec-
tion into thenetwork.

Thenetwork interfaceinterruptstheprocessoreachtimeames-
sageis receivedat thenetwork input queue.Theprocessorexam-
ines the messageheaderandstartstransferringlong messagesto
memoryby issuinganinstructionto startthereceive DMA engine.
The sendand receive 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 messagetransferon theMIT-Alewife multiproces-
sor. An interruptis generatedonly afterthefirst severalbytesarrive
(time ��� ). Messagedatacontinuesto arriveduringthetimethein-
terrupt is beingprocessedandbeforethe DMA transferis started
(time � ��	 ). Thememorytransferbandwidth,��� , is somewhatbet-
ter thanthe peaknetwork bandwidth, � , so eventually the queue
emptiesand datais transferedto memoryat the slower network
rate.

this memorycontentioncausesa 45% slowdown for eachDMA
operation.

Thesendandreceive DMA operationsmaybeeitherblocking
or non-blocking. In blocking modethe processorstartsthe DMA
operationand thenwaits for the entirememorytransferto finish
beforecontinuing.This is usefulif, for buffer managementor syn-
chronization,theprocessorneedsto know whenthememorytrans-
fer hascompleted.

If thereareotherthreadsavailableto overlapthememorytrans-
fer, theprogrammayinsteadchooseto issuea non-blocking DMA
operation.In thismodetheprocessorstartstheDMA operationbut
thencontinueswith otherwork, permittingtheoverlapof commu-
nicationandcomputation.

ThemeasuredLogGPparametersfor longmessagesareshown
in Table2. Theprocessoroverheadsfor largemessagesarelarger
thanfor shortmessagesasthey alsoincludeDMA setupoperations.
Both sendingandreceiving a messageincludesa 10 cycle costfor
initializing the DMA engine. The messagereceive overheadalso
includesthe 119 cycle cost of an interrupt. Figure 4 shows the
bandwidthfor variousmessagesizeswith bulk transfer.

Sendinga messageof � bytesfirst involvesspending� ��	 cy-
clesin launchingthemessageincludingthecostfor DMA setup.In
thenon-blockingversionthesenderprocessoris busyonly during
this time. Eachbyte travels  cyclesbeforereachingthedestina-
tion processor. As with shortmessages,for long messagesin the
LoGPCmodelwe definethe network latency  to be theaverage
latency of a messageheaderin an unloadednetwork. The mea-
suredlatency for long messagesis not the sameasthat for short
messagesbecausefor long messageswe includeonly the costof
network traversalfor thefirst byte,andnot the time for therestof
theheaderpacket.

Bytessubsequentto thefirst take � cyclesto enterthenetwork
asalsoshown in [4]. After thefirst few bytesof theheaderarrive
(shown as � in Figure2), thenetwork interfacegeneratesa proces-
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Figure3: Network bandwidth swamps interrupt cost. The up-
percurve (“min Endto End”) shows total delivery time from initi-
ationon thesenderto thedelivery of thefinal payloadbyteon the
receiver including thecostof interruptingthe receiver. The lower
curve(“min ��� ”) showsthecostof performingonly thesenderside
operation,from theinitial sendoperationto theinjectionof thefi-
nal byteinto thenetwork. For messageslargerthan1000bytesthe
two timesarenearlyequivalentbecausethe fastmemorytransfer
drainsthequeuesthatfilled duringtheinterrupt.

sor interrupt,which runsa receive handler. The handlerstartsup
theDMA transferandthentheprocessorreturnsto themainthread
interruptedby thereceive handler. During thetime theinterruptis
takenmessagedatacontinuesto arriveandis queuedin thenetwork
inputqueue.

The DMA engineon the sendingnode,the wormholerouted
network andthe receiving DMA work in parallelasa threestage
pipelineto providenearlyminimal end-to-enddelivery times.This
pipelining is demonstratedin both Figures3 and2. Becausethe
memorybandwidthon Alewife is nearlytwice thenetwork router
bandwidth,datais transferedto memoryfasterthanit arrivesin the
inputqueue.For sufficiently longmessages(about1000bytes)any
queuebuildup thatoccursduringtheinitial interruptwill bedrawn
down by thetime thefinal bytearrives.

For thesemessagesthenetwork bandwidthis the limiting fac-
tor. Thetotalend-to-end delivery time,definedto bethedifference
betweenthetimeatwhich thesendingnodefirst startsthesendop-
erationto thetime thereceiver receivesthelastbyte,will begiven
by � �
	��  ��� �������! "�$# (1)

Here � �
	 is the time for the senderto initiate the message,
is the averagetime for the messageheaderto travel throughthe
network, � is themessagelength(in bytes)and � is thenetwork
“Gap” (in cyclesperbyte).

For messagessmallerthan1000bytesthecostof theinitial in-
terruptis alsoa factor. For thesemessagestheend-to-enddelivery
time is � �
	 �  � ��� � � ��	 � �%��� . Here � ��	 is thecostof han-
dling theinterruptand � � givesthememorytransferrateto move
thequeueddatato memory.

In generalthen,thetotalend-to-endmessagedeliverytimefrom
senderto receiver, whichwe denotewith & �(')� , is givenby:

& �(')�+* � �
	,�  �.-0/21�� � ��	�� ��� � �$� �$3 � �4�.���5�6�7# (2)
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Figure4: Network bandwidth, 1/G, for differentmessagesizes.
For sufficiently largemessages(overabout10Kbytes)thenetwork
bandwidthcanbeapproximatedasconstant.

For theapplicationsconsideredin thispaperthemessagelength
is always larger than 1000 bytes and we use the simpler Equa-
tion 1.

3 Network contention

This sectionpresentsa methodologyfor extendingLoGPCto ac-
count for network contention. The basicapproachwe take is to
begin with theLogGPmachineparametersalongwith information
abouta specificprogram’s messagingrate,andto thenapplythese
parametersto aqueueingmodelto calculatethenetwork contention
observedby theprogram.

OurtechniqueusesAgarwal’sopenmodelfor � -ary � -cubes[1]
to calculatethenetwork contentionfrom themessageinjectionrate,
andthenclosesthemodelby feedingthenetwork contentioncosts
backinto thecalculationfor themessageinjection rate. This sec-
tion beginsby giving a brief overview of Agarwal’s model(Equa-
tions 3 through6). Then we discussthe methodfor closing the
model. Next we give a numberof specificsfor dealingwith short
andlong messagesandlocality. Thesectioncloseswith a discus-
sionof a methodfor deriving anupperboundon theeffectsof net-
work contention.

In thispaperweconsiderdirectbuffered � -ary � -cubenetworks
thatusewormhole routing. In wormholeroutingwhentheheaderof
amessageis blocked,all otherdatain themessagestopsadvancing
andremainsin thenetwork,blockingtheprogressof any othermes-
sagerequiringthechannelsoccupied.Our objective is to provide a
methodologyof predictingnetwork contentionin message-passing
applications.

Theaveragedistance(with randomlychosenmessagedestina-
tions)a messagetravels in eachnetwork dimensionis denotedby�98 , thustheaveragedistancein an � dimensionalnetwork is �:�98 .
The averagedelaythrougha switch is derived by Agarwal in [1]
from asetof equationsthatresultfrom theM/G/1 queuingsystem.
Weassumeaminimal routingalgorithm,i.e., themessageheaderis
routedcompletelyin onedimensionbeforethenext. Theaverage
waiting time asa functionof theprobabilityof a messagearriving
at anincomingchannelandthelengthof themessagesizeis given
by thefollowing expression:;=< *?> ��@� > �98A�B��98DC E � � ���F # (3)

G network dimensionH�I
averagedistancein eachdirectionH�I�J

averagedistancein eachdirectionfor a locality schemeKL probabilityof a messagearriving at anincomingchannelM
messagesizein bytesN

no contentionnetwork latencyN:O
network latency includingnetwork contentionP thenumberof bytesbeforeinterruptis takenQ!R delayin aswitchdueto contentionfor B bytesSUT

network contentionpermessageSUV
resourcecontentionperrequest-replycycleW messageinjectionratenot includingcontentiondelayW6X messageinjectionrateincludingcontentiondelayY

intermessagetimeY X intermessagetime includingcontentiondelayY9Z�[ V
end-to-endmessagedelivery time\ Z^] \ Z_J sendoverheadsfor shortandlong messages\ V ] \ V J receiveoverheadsfor shortandlong messages`

gapperbyteon thenetwork for long messages`ba
gapperbytefor memorytransferfor long messages

Table3: Summary of notation.

Thisequationcouldalsobeexpressedasafunctionof theprob-
ability of a network requestc in any given cycle on a processor.
The probability of a messagearriving at an incomingchannel,> ,is a functionof c andcanbedeterminedasfollows. Themessage
musttravel �:�98 distancein average.With � bytestheprobability
of abytearriving atanincomingchannelalsoincreasesby a factor� . Becauseeachswitchhas� channelsandassumingthatwehave
bidirectionalchannelsimplementedastwo physicalchannels,the
probabilityof amessagearriving atanincomingchannelis:

> * �dce�:� 8f � * �dcg�98ih f # (4)

Thus ;=< * ce� C h f�@�jce�$�98�h f � 8 �B��98 E � � ��+F # (5)

Theabove equationdescribestheaveragepernodecontention
delaycausedby amessageof � bytestraveling �98 distancein each
dimensionandassumingamessageinjectionrate c . Thetotalnet-
workcontentiondelaypermessagetravelinganaverage�98 distance
in eachof the � dimensionsis:k"l * �:�98 ;=< # (6)

Assumingwe know the no contentionmessagerate we can
computethe averagedelaydue to contention. Although this ap-
proximationmaybe acceptablefor shortmessages,for long mes-
sageswe easilyobtaina messageinjectionratethat is higherthan
thesaturationrate. In orderto beableto computethedelaydueto
contentionweneedto feedbackthecontentiondelayinto themes-
sagerate(asthemessageratedecreaseswith contention).Thisis an
extensionto thenetwork modelpresentedin [1] wherethemessage
injectionratewasconsideredconstant.Thefollowing equationde-
scribesthis situation. �& � k"l * cem2# (7)

The messageratewithout contentionis no . Assuminga mes-
sageof size � senton averagein oneiteration,eachwith

k l
con-

tention, then c m gives the averagemessageratewith contention.
Theaboveequationis aquadraticequationin either > or cem . Solv-
ing this quadraticequationgives the solution for the contention
with largemessages.

Short messages. In theLogP modelthecostfor sendinga short
messagefrom sourceto destinationnot including contentionis



� � �  � � � . This time is inflatedby
k l

whencontentiondelayis
considered.p & �(')�+* � � � rq � � �+* � � �  � k l � � � # (8)

Replacing
k"l

with its expressionin the previous equationwe
obtain the transfertime of a shortmessageincluding the cost for
network contention. The messagesize � is the sizeof the short
messagein bytes.

& �('s�+* � � �  � � � � �2� � �98+�����
� C c m h f�+�tc m �u�98�h f � � � # (9)

In applicationswith high messageinjectionratesnetwork con-
tention canalsocauseblocking in the communicationcontroller.
Thiscausesinflation of thesendoverheadfor thenext messagebe-
ing sent.Theinflation of theoverheaddependson themessagein-
jectionrateandthetotalamountof bufferingavailableatthesender,
receiver andin thenetwork.

On the other hand,as the sendoverheadincreasesthe mes-
sageinjection rate c decreasesandso the likelihoodof network
contentiondecreases.As we show in Section4, the problemof
sendoperationsblocking becomesparticularly severe with asyn-
chronousmessagepassingif the communicationpatterndevelops
hotspots.

Long messages. The long messagetransfertime with contention
effectscanbederived in similar way. Thetime at which theentire
messageof length � is availableat thereceiving processoris:&:�('s� * � �
	 ��� �4�.���5� q �  q� �v�B�2�5� q �  q * � �4�.�2�5� �  � k l #

Network contentioninflatesthenetwork latency a messageob-
servesaswell as reducingthe observed network bandwidth. We
denotetheinflatedL andG parameterswith  q and � q . Onaverage
we assumean inflation of both  and � suchthat the sumof all
inflation duringtransmissionequalsthetotal contentiondelay

k l
.

A betterway to accountfor the contentionis to consideronly the
impactof blocking of the messageheaderandkeepingthe � pa-
rameterconstantfor therestof themessage.The intuition behind
this is thatoncetheheaderof a messagearrivesto thedestination
processor, the restof themessagecanproceedwithout contention
becauseof wormholerouting.Thenetwork contention,

k"l
, canbe

obtainedby solvingequation7. Thefinalexpressionfor thetransfer
timecanthenbeobtainedby replacingin

k l
themessageinjection

rate cwm obtainedpreviously:& �('s�+* � ��	��x� ���B���5� �  � � � � ��� � �98A�B�2�
� C c m h f�@�tc m �$�98�h f (10)

Locality. This modelcaneasilybeextendedto accountfor com-
municationlocality. In applicationsthat exploit locality of com-
munication,theaveragedistancebetweencommunicatingproces-
sors is reduced. Reducingthe averagedistancemessagestravel
improveslatency becauseit reducesthe numberof hopsper mes-
sageandalsoreducesnetwork contention. Differentapplications
canusedifferent locality models. We model locality by reducing
the averagemessagedistance,�98 . We assumethat eachmessage
from any processortravelsa maximumof y hopsin any direction.
Destinationsarerandomlychoseninsidethis span.

The Alewife multiprocessoris basedon a 4x8 no-end-around
meshwith bidirectionalchannels.The averagenetwork distance
(assumingrandomlychosendestinations)canbecalculatedasthe

sumbetweentheaveragedistancesalongthe z and { dimensions.
Onany dimension� theaveragedistanceis |~} ' n� | .f �98 * �98(� � �98(� * � � � � � � �!� E n|(� � n|(� F� # (11)

The averagemessagedistanceon the Alewife meshis
f �98 *�98(� � �98(� * � # �9�D� . Using a locality model in which processor�

sendsmessagesto either processor
� � � or

� ��� with equal
probability will result in an averagedistance

f �98 	 * �D# �D�D� . This
distanceis computedasfollows:

f �98 	 * �z){ � ' n� ���:�d� ���7� � � 3 �0�B�2� � � �(�s� � � 3 � � ���f (12)

As the z dimensionis largerthanthe { dimensionand z is the
lower dimension,contentioneffectswill bemorepronouncedon z
comparedwith { . As themeshin Alewife hasno end-aroundcon-
nectionscontentioneffectsarehigher in the centralregionscom-
paredwith margins.

Upper bound on contention. An upperboundontheperformance
degradationdueto network contentioncanbe derivedassuminga
maximalmessageinjection rate (i.e., the processorsdo no work,
but simply try to continuouslysendmessage)andby usinga map-
ping with largenetwork distances(e.g., a randommapping).This
alsogivesus an indicationon performanceimprovementsobtain-
able with improved mappingor communicationlocality for very
fine-grainedapplicationswith largemessages.

If therewerenocontention,themaximalmessageinjectionrate
would be nC5�:� . Solving the following equation(obtainedfrom
equation7) givesa lower boundon the messageinjection rate c
with contention. �f ��� ��� lD� n_� � | I ' n_��� } � X(� Cn 's� X ��| I � C * cem2# (13)

Thesolutionobtainedfor c m hastheform c m@* ��h��6� where� is a constantderived from the pair �98 3 � or � * � � �98 3 �6� .
The inter-message time with contention,&7m , is the inverseof the
messageinjectionratewith contentionor �2hic m . A constantupper
boundon theinflation of theintermessagetime is then:& m h2& * �6�f ��� * � � �98 3 �6�f � # (14)

Discussion. Thenetwork contentionmodelpresentedin this sec-
tion can easily be adaptedto slightly different network topology
assumptions.The dimensionof the network is capturedby the �
parameter. Otheraspectsof the network suchasend-aroundcon-
nectivity andthetypeof physicalchannelsused(e.g.unidirectional
or bidirectional)canbeincorporatedby changing�98 . For example,
theaveragemessagedistancewith unidirectionalchannelsandend-
aroundconnectionsin onedimensionis | ' nC .

The communicationcoprocessorbasedcommunicationinter-
faceis differentonly in the reducedprocessoroverheadcostdue
to a betteroverlappingbetweencommunicationandcomputation.
The two DMA basedAlewife network interfaceactuallyemulates
a communicationcoprocessoras for relatively long messagesthe
communicationtimesarecompletelyoverlappedwith computation.
Becausemessageinjectionratescouldpotentiallybehigherin such
architecturestheimpactof network contentionis evenmoresignif-
icant. Thederivationof thenetwork contentioncomponentcanbe
donein similarway.



Type LogP LoPC LoGPC
k l k � Measured BlockedCMMU access

Synchronous 316 453 499 23 137 486 0
Asynchronous 137 137 137 31 - 151 0

Table4: Cost of one iteration in all-to-all remap with 2 argumentshortmessages(in cycles).LoPC[14] is usedfor estimatingprocessor
contentionin synchronousmessaging.LoGPCincludesbothcostsfor network andprocessorcontention.TheLogPcostfor asynchronous
messagingis �D� � ��� , andfor synchronousmessagingis

f � ��� �  � ����� .
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Figure5: All-to-all remap for long messages.

Parallel computersthat implementmessage-passinglayerson
top of a shared-memorysystemwill still suffer from network con-
tentionasthenetwork contentioncostis mainlydeterminedby the
communicationvolume,which is thesamein bothcases.

4 Applications

In thissectionwevalidateLoGPCagainstseveralapplications.The
applicationsstudiedincludean all-to-all remapwith eitherasyn-
chronousor synchronousmessagingstyles,a dynamicprogram-
ming basedDNA chaincomparisonprogramcalled the Diamond
DAG, andEM3D, a benchmarkcodethatmodelsthepropagation
of electromagneticwavesin solids.

Our validationsareperformedagainsttheMIT-Alewife multi-
processorwhich wasparameterizedin Section2. Network band-
width (and thereforecontention)on Alewife is fairly representa-
tive of whatis foundin a varietyof currentgenerationcommercial
andresearchmultiprocessors[7]. Becauseprocessorspeedsarein-
creasingfasterthanthebandwidthof high-endlocalareanetworks
(e.g. Myrinet) network contentioneffectson networksof worksta-
tions(e.g.[20]) will besomewhatmoreseverethanthecontention
observedin theseresults.

4.1 All-to-all remap

In this subsectionwe analyzethe performanceof all-to-all remap
with both asynchronousandsynchronousshortmessagesaswell
as for long messages.By an all-to-all remapwe meanany com-
municationpatternwhereeachprocessor� repeatedlysendsmes-
sagesto eithera randomlychosendestination,or to destinations� � � �7� -��¡ £¢ while increasing

�
. The goal of this subsection

is to highlight thekey differencesbetweenasynchronousandsyn-
chronousmessagingaswell asvalidatingLoGPCfor differentcom-
municationpatterns.We focuson theeffect of network contention

both on the observed network latency and on the cost of block-
ing during sendoperations. For synchronousmessageswe also
include the delaydue to contentionfor processorresources.We
find thatasynchronousmessagingis muchlesssensitive to network
contentionthanis synchronousmessaging.Thenetwork contention
modelturnsout to very accuratelypredictthe performanceof the
communication.

Synchronous short messages. A synchronousshortmessagein
this paperdenotesa request-replypair. In somesenseit is simi-
lar to a remotereador write primitive in a simplesharedmemory
system.Thethreadissuingtherequestwaitsfor thereply message
beforethe next requestis issued. A requestarriving at a proces-
sor is queuedif it cannotbeservicedimmediately(e.g., if another
requestis alreadybeing serviced). In the synchronousall-to-all
remapmeasuredhereeachprocessorrepeatedlysendsa message
to a randomdestinationandthenwaitsfor a replymessage.

Thesecommunicationpatternshave beenpreviously examined
in [14]. Thatpaperintroducesanextensionto LogP, calledLoPC,
that usesa multiclassqueueingmodel,basedMeanValueAnaly-
sis,to predictcontentionbetweendifferentthreadsfor processorre-
sources.For applicationsusingsynchronousshortmessages,over-
all communicationvolume is quite low (becauseeachprocessor
can have only one outstandingmessageat a time), and so con-
tentionbetweenmessagesin the network is not a significantpor-
tion of run time. Rather, LoPCfocusedon theinterferenceeffects
of differentmessagehandlerstrying to run on thesameprocessor
at thesametime. An empiricalresultof theLoPCwork wasthat,
for communicationpatternslike synchronousall-to-all remapus-
ing short messages,the queueingdelay per messagesent,

k � is
approximatelyequalto thecosta messagehandlerthatsendsa re-
ply message( ��� � ��� ). Thecostof eachcommunicationround-trip
is thenmodeledby LoPCas

f � � � �  � k l � � � � � k � .
We show both the measuredtimes andpredictionsof several

differentmodelsin Table4. For synchronousmessagingthe cost
of eachcommunicationiterationis

f � � � �  � k l � � � � � k � ,
where

k � denotesthe averagecontentionfor processorresources
and

k l
is theadditionallatency observed dueto network conges-

tion. Of theaverage486cyclesmeasuredfor eachmessageround-
trip theLoPCmodelpredictsthatabout28%(137cycles)aredue
to contentionbetweenmessagehandlersfor processorresources.
The LoGPCmodelpredictsthat an additional46 cycles(

f k"l
) is

dueto contentionbetweenmessagesin thenetwork. Addedto the
basecontentionfreecostof 316cycles,givenby

f � � � �  � � � � ,
theLoGPCmodelpredictsanaveragecostpermessageround-trip
at 499cycles,a 3% overestimate.

Asynchronous short messages. The effect of network latency
can sometimesbe avoided by using an asynchronousmessaging
model. In an asynchronousall-to-all remapeachprocessorsends� messagesto � different locationswithout waiting for any reply
messages.Onaverageeachprocessorwill bothsendandreceive �
messages.Wemodelthetotalcostof asynchronousall-to-all remap
with � iterationsas � � ��� � ���2� . Thiscommunicationpatternshould
beinsensitiveto network latency becausetherearenodependencies
on thetime at whichmessagesarrive.

Table4 shows themeasuredandpredictedcostper iterationof
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asynchronousall-to-all remap. The measuredcost is about10%
largerthanpredictedby themodel.About a third of thedifference
(5 cycles)is dueto unmodeledcacheinterferenceeffects.Therest
of thedifferenceis dueto anotherunmodeledfeatureof theAlewife
communicationsystem:A messagethatinterruptsasendoperation
incursextra costfor storingthepartiallyconstructedmessage.

We calculatedthe averagemessageinjection rate for asyn-
chronousmessagesas c * n¤ Z � ¤ V assumingthat on averagea
sendand a receive is served inside eachiteration. The last col-
umn of Table 4 shows that althoughmessagesin this communi-
cationpatternincur a considerableamountof extra latency dueto
network contention,noneof the sendoperationsever blocked be-
causeof network flow control. For well distributedcommunica-
tion patternslike thatusedheretherearefew network hotspotsand
Alewife’snetwork outputqueuesaresufficienttohidenetworkcon-
tentionfrom asynchronoussendoperations.Laterin thissectionwe
show that the communicationpatternfrom the EM3D application
incursconsiderablenetwork hotspotcontentionwhich doescause
sendoperationsto block. Similarly communicationpatternswith
long messages,as discussednext, can observe considerablecost
for blockingsends.

Long Messages. Next we examine an asynchronousall-to-all
remapwith randomlychosenmessagedestinationsandlong mes-
sagesof length � bytes. Assumingthat on averageone mes-
sagearrives for eachmessagesentthen the cost of one iteration
is � � �j� �¥�¦�2�5� �j� �§�¦�U�0���5� , or approximately

f �$� . See[4]
for a similar approximation.As shown in Section2, on Alewife� *�¨ # � cycles/byte,so themaximumrateis 1 messageinjection
per � cycles.

Applying themodelin Section3 we find that in fact themaxi-
mummessageinjectionrate,includingcontentioneffects,is 1 mes-
sageevery

f # f�f � cycles.As shown in Figure5 this is a relatively
closeto the measuredmessageinjection rate for all-to-all remap.
Acrossavarietyof messagesizes,themeasuredrateshows asmall
variationaround1 messageper

f # ¨ � � cycles.
Notethatthisanalysishasbeenperformedwith amaximalmes-

sageinjectionrate(i.e., anapplicationthatsimplytriesto sendmes-
sagesasquickly aspossiblewithout stoppingto do any work). In-
creasingthecomputationto communicationratio or improving the
applicationlocality will decreasenetwork contention.Thispermits
usto find anupperboundon theeffect of contentionwith random-
ized communicationpatterns.Given theAlewife machineparam-
eters,applicationperformanceincluding network contentionis at
mosta factorof 2.22worsethanwithoutany contention.
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Figure 7: A Gantt chart of computation and communication
schedules for the Diamond DAG with stripe partitioning. The
rectangularblocksrepresenttheblockingsend( � � ) andreceive( � � )
overheadsaswell ascomputationtimes( ; ). Thearrows represent
communicationbetweenprocessors.

4.2 Diamond DAG

In thissectionwederiveandanalyzeefficientschedulesfor theDi-
amondDAG application.DiamondDAG is a DNA chaincompar-
ison programthat usesan algorithmbasedon dynamicprogram-
ming. This applicationDiamondDAG hasbeenpreviously ana-
lyzedwith thedelay model[21] andtheCLAUD model[6].

Ourobjectivein thissectionis to show how to derivetheperfor-
manceanalyticallyincludingthecostsof network contention.First
we derive the performancefor the no contentioncase. Then,we
calculatethe messageinjection rateincluding network contention
effects. The network contentiondelay obtainedis addedto the
makespanalongthecritical pathof theDAG. Finally we compare
theanalyticallyderivedcostwith measurementsof animplementa-
tion with bulk transferActive MessagesonAlewife.

TheDiamondDAG with �§©e� taskscanberepresentedasan��©d� grid, with vertexesrepresentingtasksandedgesrepresenting
datadependenciesbetweentasks,seeFigure6. For theremainder
of this sectionwe will definea unit time asthe time to computea
taskandexpressthe parameters , � and � in termsof this unit
time.

Stripe partitioning. The Gantt Chart in Figure 7 representsa
feasibleschedulefor theDiamondDAG. Severalotherpartitioning
solutionslike line partitioningor a dynamicpartitioning of tasks
to processorscouldalsobeconsidered.Finding theoptimalparti-
tioning schemefor theDiamondDAG is outsidethescopeof this
paper. Insteadwe will focuson choosingthecorrectcommunica-
tion granularitygivena stripepartitioning.

In astripepartitioningtheDAG is partitionedacrosstheproces-
sorsinto ¢ equalhorizontalstripeseachof size � ��h ¢ �=©e� . Each
stripe is further split into ª equalrectangularblockswith � C h ¢ ª
taskseach.Eachblock dependson, andmustwait for, the ��hiª re-
sults from the block below it in the dependency graph. After all� C h ¢ ª tasksin a block have beencomputed,the ��hiª dataval-
uesalong the top edgeof the block will needto be sent to the
processorthatowns thestripeabove. Choosingtheoptimalblock
sizeinvolvesa trade-off betweenthereducedcommunicationcosts
obtainedby bundlingmessagesandthe increasedserializationbe-
causeeachprocessormustwait for thefirst datasetfrom theprevi-
ousprocessor.
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Figure 8: Diamond DAG performance. Comparisonof mea-
suredperformanceto model predictionswith stripe partitioning,� * � ¨ f2¬ , ª *� ¬ , andeachtasktakes100cycles. The“Alewife
locality” curve usesthe systemdefault node numberingin the
Alewife mesh. Node

�
sendsto node

� � � , but numericallyad-
jacentnodesarenot alwaysadjacentin themesh.

We definethe makespan, ® , as the time consumedfor eval-
uatingthe entireDiamondDAG. We representit in the following
form

® * �°¯±�.² � �x�³¢ � f ��´ �µ� ª"������¶ � � � �B¯ # (15)

This expressionfollows the critical path in the Ganttchart in
Figure 7. This involves somework on the initial processor, ¯ ,
followedby theinitial messagelatency to thesecondprocessor, ² .
Next, ´ * � � �j¯·�t² accounts,oneachprocessor, for theinitial
cycleof messagereceiving, work andlatency to thenext processor.
Finally, � ª"�B�2��¶ � � � ��¯ , where¶ * � � �B¯¸� � � accounts
for theprocessingdonein thefinal stripe.

In theabove expression̄ includesboththealgorithmicwork;@¹ * l }� < for eachblock andtheextra costfor messageaggrega-
tion, which we approximateasproportionalto thenumberof data
valuessentaftereachblock is computed.Thus ¯ * ;@¹ �§º l < .

We use ² to denotethe periodfrom the time the sendersends
thefirst byteandthereceiving processoris notifiedof themessage
arrival. Thistimeis  � ��� , where is thetimeneededfor thefirst
byteto travel throughthenetwork and ��� is theadditionaltimefor
thecomplete� bytemessageheaderto arrive at thedestination.

Finally, we note that if the messagelengthper block is � *��h2ª then,usingthemodelfrom Section2, ��� * ��� �4� �»���2�5�
and � �+* � �4�B�@�j���5� .

Now we canfind themaximumof ® in ª by solvingtheequa-
tion ¼:®�hi¼sª *µ¨ .

To accountfor the costsof network contention,we use the
model from Section3 with the messageratecalculatedfrom the
equation c m@* �¶ � f k"l
where

f k l
is thenetwork contentioncomponentinsidea block.

An upperboundonthecostof contentioncanthenbecalculated
by assumingthatthisnetwork contentioncomponentisobservedby
all communicationprimitivesalongthecritical path.This includes¢ �j� sendsfor thecommunicationin thefirst block of eachstripe
andanadditionalª"�B� sendsandreceivesin thefinal stripe.

Experimental results. We implementedtheDiamondDAG with
bulk transferActive Messages.Althoughthebulk messagemech-
anismitself is very efficient thecostfor messageaggregationand
unpackingis veryhigh,accountingfor morethan50%of total run-
time with � * � ¨ fi¬ and ª * ¬ . Thecomputationalphaseof each
taskconsistsof two doubleprecisionfloating point additionsand
onemultiplication.

For thepurposesof experimentationwecreatedaversionof the
programwheretheamountof dataassociatedwith eachblock can
alsobevaried.We examinedthreedifferentmappingsof stripesto
processors.In thefirst mapping,stripeswereallocatedto randomly
chosenprocessors.In the secondmappingstripeswereallocated
by Alewife’s default nodenumbering,i.e., stripe

�
is mappedto

processor
�
. While this is betterthana randommapping,it is not

optimal becausethe systemmappingdoesnot put all sequential
processornumbersadjacentto oneanotherin themesh.In thefinal
mappingwecarefullyallocatedthestripes,suchthateachprocessor
would communicateonly with two physicallyadjacentprocessors.

A comparisonof measuredandpredictedvaluescanbeseenin
Figure8. For messagelengthsup to 16000byteswe observed no
contention.Thecontention-freemodelprovidesperformanceesti-
matesthat areaccurateto within 3.14%. Network contentionbe-
ginsto affect therandomlymappedversionwhenthemessagesize
reaches32000bytesper block. This correspondsto a communi-
cationto computationratio of 0.625.As we increasedthemessage
lengthupto 320000bytestherandomlymappedversionbecameup
to 56%slower thantheperfectlymappedversion.UsingAlewife’s
standardprocessormappingcausedup to 31% runtime increases
dueto network contention.

Similar messagesizesandcommunicationto computationra-
tios would alsobeobserved by increasingthe � parameter(asfor
very long DNA chains)while keepingª small. Thus,performance
degradationdueto network contentionsetsa lower boundon the
numberof blocks, ª , usedfor stripepartitioning in the Diamond
Dagapplication.

4.3 EM3D

EM3D is a programoriginally developedat UC Berkeley with the
Split-Cparallellanguage.It modelsthepropagationof electromag-
neticwavesthroughthree-dimensionalobjectsusingalgorithmsde-
scribedin [19]. We startedwith a messagepassingversionported
from a CM-5 bulk transferimplementation[8].

EM3D operateson an irregular bipartitegraphwhich consists
of E nodeson oneside,representingelectricvaluesandH nodes
on the other, representingmagneticfield valueat that point. The
programhasinput parametersthatcanbeusedto control the total
communicationvolumeandthecommunicationlocality.

The corephaseof the EM3D repeatedlyupdatesthe E andH
nodes.In eachiterationeachnoderequiresthevaluesof all of its
neighboringnodes.A processormustsenda valuefor eachof its
edgesthat endson a differentprocessor. In our implementation,
valuesaresentin blocksof 10 usingAlewife’s short-messagefa-
cility. This techniqueis alsodescribedasghostnodesor software
cachingin [8]. The idea is to communicatenodevaluesalong
edgesandbuffer themat thereceiving processorsbeforethecom-
putationphasebegins.

Thecommunicationphasein thecorecomputationis similar to
theasynchronousshortmessageall-to-all remapdescribedearlier.
We modelthecommunicationcostsas � � � � � permessage.

Experimental results. Figure10shows a comparisonof themea-
suredandpredictedruntimesof EM3D as the locality parameter
is varied. We usedan input datasetwith 3200nodes,degree32,
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100percentnon-localedges,100iterationsandvariedthespanpa-
rameterfrom 1 to 15. The volume of communicationinside the
corecommunicationphaseis determinedby the numberof nodes
andthe degreeparameters.The locality of communicationis de-
terminedby thespanparameter. A largerspancorrespondsto less
locality in thecommunicationpattern.

Although the communicationphaseis similar to the asyn-
chronousall-to-all remapphasedescribedearlier, we observed a
much larger effect in EM3D of network contentioncausingsend
operationsto stall. We suspectedthat the causeof this con-
tention was hotspotsin the non-uniformcommunicationpattern.
Werewrotethecorecommunicationphasesothatthemessagedis-
tribution wasmoreuniform (i.e., random). This provided a 70%
reductionin stall time anda 20%overall improvementin runtime.
Themodifiedresultsarelabeled“improved” in Figure10. There-
mainingdifferencesbetweenthepredictedandmeasuredruntimes
aredueto furtherhotspotsin boththesynchronizationandcommu-
nicationphasesthatwe wereunableto eliminate.

5 Related Work

The LogP model[9] is a simpleparallelmachinemodel intended
to serve as a basis for developing portableparallel algorithms.
Alexandrov et al definedtheLogGP [4] modelasanextensionof
LogP to capturethe largebandwidthrequirementsof applications
usinglong messageprimitives.LoGPCleveragestheperformance
parametersof LogPandLogGPandextendtheanalysiswith amore
detailedmodelof theDMA pipelineandanetwork contentioncom-
ponent.

The LoPC model [14] also extendedthe LogP model with a
contentionmodel.LoPC,however, focusedoncontentionbetween
differentthreadsfor computationresourcesratherthanon network
contention.For the communicationpatternsstudiedin that paper
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Figure10: EM3D performance. Comparisonof measuredperfor-
manceto modelpredictionsfor thecoreE+H computationphaseof
EM3D. OntheX axisthe“span”parameteris varied.A largerspan
correspondsto lesslocality in thecommunicationpattern.As the
communicationpatternis asynchronous,whencontentionhotspots
are eliminatedthe LogP run-time prediction is the sameas the
LoGPCprediction.RemainingdifferencesbetweentheLoGPC(or
LogP)predictedperformanceandthemeasured“improved” perfor-
mancearedueto furtherhotspotsin both thesynchronizationand
communicationphasesthatwe wereunableto eliminate.

(mostlybasedonsynchronousshortmessages),contentionfor pro-
cessorresourcesaccountsfor up to a third of total executiontime
while network contentionis not particularlysignificant.In this pa-
perwe have focusedonmodelingapplicationswherenetwork con-
tentionaccountsfor a significantportionof total runtime.

TheClaudmodel [6] is similar to theLogPmodelin thesense
that it usesa small setof parametersto modeltheperformanceof
a message-passingcomputer. Claudattemptsto incorporatemore
detailsabouttheinterconnectionnetwork for a moreaccuratepre-
diction of network latencies,but doesnot accountfor contention
effects.

The network contentionmodelusedby LogPCstartswith the
openqueueingmodeldescribedin [1], but extendsandclosesthe
modelby relatingthetermsfor messageinjectionrateandmessage
latency. A similar openmodelof network contentionwasusedby
KruskalandSnir for bufferedindirectnetworks[17].

A different approachto the questionof communicationcon-
tentioncanbe seenin studiessuchas[12]. This paperpresentsa
worst casecomplexity analysisof the non-emptinessproblemin-
cludingtheeffectsof contention.Suchstudiesfocuson worstcase
analysisof particularalgorithmswhereour approachis basedon
queueingmodelsandattemptsto model the constantfactorsthat
areof concernto applicationprogrammersandmachinedesigners.

A numberof researchershave examinedapplicationperfor-
mancein an empirical setting. For example, Karamchetiet al
[16] studiedthe network interfacearchitecturesin the CrayT3D
andTMC CM-5 andexaminedseveralmessagingimplementations
for reducingoutput contentioneffects. Holt et al [13] studied
theperformanceof cache-coherentdistributedsharedmemoryma-
chinesusingfour parameterssimilar to LogP. They usedthe � per-
formanceparameterto model the occupancy of the communica-
tion controller. Their studyshows thatapplicationperformanceis
highly sensitiveto thecontrolleroccupancy. Finally Chonget al [7]
examinedthe effect of network bandwidthon applicationperfor-
manceusingseveral differentcommunicationschemes.They find



that messagepassingcommunicationprimitivesare lesssensitive
to netw½ ork bandwidththanaresharedmemoryprimitives.

Several studiesapply the contention-freeLogP and LogGP
modelsto evaluatethecommunicationperformanceof variouspar-
allel computersand network of workstations. Culler et al [10]
usedtheLogPmodelto comparethenetwork interfacesof theIntel
Paragon,Meiko CS-2,anda clusterof workstationswith Myrinet.
A. Moritz et al [5] comparedthecommunicationperformanceof
MPI on CrayT3D,Meiko andnetwork of workstations.Keatonet
al [5] quantifiedthe LogP for local areanetworks. Martin et al
[20] studiedtheimpactof communicationperformanceof parallel
applicationsin high performancenetwork of workstations.Using
the LogGP parametersthey showed that theseapplicationsshow
strongsensitivity to overheads.Finally, Arpaci-Dusseauet al [3]
developedfastparallelsortingalgorithmsusingLogP.

6 Conclusions

Network contentionandnetwork interfacecontentioncanconsti-
tute a large portion of the total run-time of parallel applications.
We find that contentionaccountsfor 50% of the costof all-to-all
remapwith long messagesandup to 30% of the DiamondDAG,
andEM3D benchmarks.

This paperpresenteda new costmodel,LoGPC,that extends
theLogPandLogGPmodelswith a simplemodelof network con-
tention.Thenetwork contentionmodelextendsandclosesthenet-
work modeldescribedin [1] wheremessageinjection rateswere
consideredconstant.Althoughaconstantmessageratecanbeused
for smallmessages,it is notapplicablefor long messages.In addi-
tion, LoGPCextendsLogGPby modelingnetwork interfaceswith
DMA support.

For all the communicationpatternsstudiedin this paper, the
LoGPC model is able to provide performanceestimatesthat are
within 12% of measuredvalueson theMIT Alewife multiproces-
sor.

By usingtheLoGPCmodelwe wereableto studya numberof
issuesin parallelprogramdesign.First,weusedtheLoGPCmodel
to helpfind performancebugsin ouroriginalversionof EM3D and
asa resultwe wereableto improve theperformanceof this appli-
cationby 20%. In addition,we have comparedasynchronousand
synchronousmessagingstyles. We found that usingsynchronous
messagepassingcausedsignificantresourcecontentionat thenet-
work interfaces. Therefore,asynchronousmessagingis advanta-
geouswhena uniform messagedistributioncanbeguaranteed.On
theotherhand,non-uniformmessagedistributionscancauseseri-
ousnetwork contentionwhichcausesasynchronousmessagesend-
ing primitivesto block for longperiodsof time.

Finally westudiedtheimpactof applicationlocality onnetwork
contention.We find that locality is importantup to a constantfac-
tor dependenton the network bandwidthandapplicationlocality.
Using largemessageswith bulk transferon theMIT-Alewife mul-
tiprocessorresultedin a performancedegradationup to a factorof
two dependingon themappingused.
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